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Abstract 
Traffic congestion is a constantly growing problem in many metropolitan areas 
around the globe and the underlying reason behind a significant share of travel delays, 
lost commuter time, excess fuel consumption, emission of air pollutants, compromised 
safety and ultimately monetary losses. Among all potential causes of disruption in the 
regular traffic flow, traffic incidents are widely acknowledged as a significant 
contributor to congestion in traffic networks. Previous comprehensive studies in this 
context have demonstrated traffic incidents to account for up to 25% of traffic 
congestion in the United States’ metropolitan areas. Given this significant negative 
impact on urban congestion, developing systematic Incident Traffic Management 
(ITM) strategies becomes very crucial in attenuating the adverse impacts of incident-
induced congestion on traffic.  
ITM is a combination of policies and strategies designed to efficiently coordinate 
existing resources to restore the traffic flow impacted by incidents, with the least 
possible cost (minimal vehicle delays). Within ITM procedures, managing and re-
routing the impacted traffic is of particular importance; as queue propagation upstream 
of an incident can lead to substantial delays and interruption in response and clearance 
procedures.  
Despite this significance, little has been done to develop and implement 
analytical frameworks for incident traffic re-routing and thus, this critical task is 
mostly performed by the response personnel dispatched to the incident scene. Such 
empirical practice however, might lead to inefficient flow restoration and merely 
shifting the congestion to parallel routes.  
As part of ITM procedures, incident traffic re-routing frameworks need to target 
minimized total system travel time, necessitating a System Optimal (SO) view on the 
problem. 
SO traffic assignment models belong to the class of transportation network 
modelling problems and have various applications in traffic management, ranging 
from recurrent traffic management practices, such as congestion pricing and traffic 
control/information systems, to non-recurrent traffic management, such as ITM and 
evacuation scenarios. 
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There are certain shortcomings in the state of art in SO traffic assignment 
modelling that have constrained the application of such models to practical and real-
time scenarios. The inadequacies in such models may emerge as a result of, on one 
end, simplistic assumptions and failure in capturing the realism of traffic flow or at the 
other end including abundant details and computational intractability for real-time 
applications. 
With recent advances in information and communication technologies, vehicle 
automation (Autonomous Vehicles) and vehicle/infrastructure connectivity 
(Connected Vehicles), new possibilities emerge for communicating and enforcing 
advanced traffic routing directions to drivers/vehicles for efficient utilization of 
existing traffic networks. Therefore, the task of finding optimal traffic directions 
becomes even more essential, as the required technologies will be available to facilitate 
the implementation and enforcement of such directions.  
Consequently, part of the research efforts reported in this thesis is dedicated to 
developing theoretical frameworks and methodologies for finding system optimal 
traffic flow patterns, within reasonable computational times, to be applied to real-time 
traffic re-routing scenarios. 
Developing and implementing successful ITM procedures is, however, not 
possible without an in-depth knowledge of the expected duration1 of incidents and the 
variables that significantly impact this duration. Duration data is constantly collected 
and stored by incident management systems around the world but establishing efficient 
methodologies to utilize this valuable information has been challenging to researchers. 
Following the discussion above, we identified two essential and interrelated 
components to be investigated and improved, in order to address the existing gap in 
the state of art as well as the common practice of ITM. Firstly, we need to develop 
analytical models that provide in-depth insights into how various incident-specific 
characteristics and the associated temporal and infrastructural determinants impact 
incident duration on the roads of interest. Secondly, we need to propose, develop and 
                                                 
 
1 Incident duration is defined as the time difference between the detection of an incident and the 
moment the response vehicles depart the incident scene. 
 iv Incident Duration Modelling and System Optimal Traffic Re-Routing 
test reliable and computationally inexpensive incident traffic re-routing models that 
provide optimal traffic flow patterns, for minimized total system travel time.  
The aforementioned components have been addressed in two stages throughout 
this dissertation, Stage 1 and Stage 2 respectively. Stage 1 presents a comprehensive 
spectrum of state-of-the-art fixed and random parameter hazard-based Accelerated 
Failure Time (AFT) models for motorway incident duration.  
Stage 2.1 introduces an analytical ITM framework for freeway incident 
modelling and traffic re-routing. The proposed framework incorporates a selected 
econometric incident duration model and a traffic re-routing optimization module. The 
incident duration model (developed in Stage 1) is used to estimate the expected 
duration of the incident and thus determine the planning horizon for the re-routing 
module. The re-routing module is a Cell Transmission Model-based Single-
Destination System Optimal Dynamic Traffic Assignment (SODTA) model that 
generates optimal real-time strategies of re-routing motorway traffic to its adjacent 
arterial network during incidents. The proposed framework has been applied to a case 
study network including a stretch of Pacific Motorway and its adjacent arterial network 
in South East Queensland, Australia. The results from different scenarios of freeway 
demand and incident blockage extent have been analysed and the advantages of the 
proposed framework have been demonstrated. 
Stage 2.2 introduces an efficient path-based System-Optimal Quasi-Dynamic 
Traffic Assignment (SOQDTA) framework that benefits from the computational 
efficiency of static traffic assignment models, yet captures the realism of traffic flow, 
with less complexity and computational burden, compared to dynamic traffic 
assignment models. To solve the proposed SOQDTA problem, we have developed a 
novel Path Marginal Cost (PMC) approximation algorithm, based on a newly-
proposed Quasi-Dynamic Network Loading (QDNL) procedure (Bliemer et al., 2014), 
that incorporates a first order node model, and thus produces realistic path travel times 
consistent with queuing theory and similar to dynamic network loading models, but at 
a lower computational cost. 
We have applied this SOQDTA model to the test network of Sioux Falls, in 
South Dakota, USA, and demonstrated that the proposed framework results in system 
optimal traffic flow patterns that improve total system travel times, both under 
incident-free and incident scenarios.  
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1 Introduction 
 BACKGROUND AND MOTIVATION 
Traffic congestion is a constantly growing problem in many metropolitan areas 
around the globe and the underlying reason behind a significant share of travel delays, 
lost commuter time, excess fuel consumption, emission of air pollutants, compromised 
safety and ultimately monetary losses.  
Traffic congestion generally occurs under the two following circumstances: 1) 
traffic demand approaching or exceeding road capacity, during everyday peak-hour 
conditions (referred to as recurrent congestion); or 2) road capacity being temporarily 
reduced due to traffic incidents, adverse weather conditions, etc. (referred to as non-
recurrent congestion).  
Among all potential causes of interruption in the regular traffic flow, traffic 
incidents have been specifically acknowledged as a significant contributor to 
congestion and travel delays in urban areas (Balke et al., 1991a; Luk et al., 2001; Nam 
& Mannering, 2000). Previous comprehensive studies (Skabardonis et al., 2003; 
Systematics Inc. , 2005) have even demonstrated traffic incidents to account for 25% 
of traffic congestion in the United States’ metropolitan areas. 
Among various types of traffic incidents, road crashes specifically impose 
enormous human and financial costs on societies. In a comprehensive study in 
Australia, the Bureau of Infrastructure, Transport and Regional Economics (BITRE) 
estimated the total social cost of road crashes to have been as high as $17.85 billion in 
2006; which equals 1.7 percent of country’s GDP for that year (Bureau of 
Infrastructure, 2009). Up to $1.76 billion of this total cost was associated with crash-
induced travel delays. An estimated $48 million of additional vehicle operating costs 
and $53.5 million of additional local air pollution costs were also associated with 
crash-induced travel delays. Yet, these values are potentially underestimated, not 
capturing the escalated network congestion that occurs once a crash disrupts a major 
road during peak periods (Bureau of Infrastructure, 2009). 
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Given this considerable impact on urban congestion, developing efficient 
Incident Traffic Management (ITM) strategies becomes very crucial in attenuating the 
adverse impacts of incident-induced congestion on traffic networks.  
ITM is a combination of policies and strategies designed to efficiently coordinate 
existing resources to restore the traffic flow, with the least possible cost (minimal 
vehicle delays) (Ozbay & Bartin, 2003). ITM frameworks can target quick restoration 
of traffic flow by means of improving procedures of incident detection, verification 
and validation, clearance and most importantly traffic re-routing.   
Within ITM procedures, managing the impacted traffic is of particular 
importance; as queue propagation upstream of an incident can lead to substantial 
delays and interruption in response and clearance procedures. Traffic incidents mainly 
lead to temporary reductions in road capacity, where they occur. If drivers are not 
informed about this non-recurrent capacity reduction and potential re-routing 
alternatives, they will choose their paths based on their prior knowledge of the 
network. Consequently, in congested networks, the resultant increased gap between 
the traffic demand and the remaining capacity will lead to substantial user delay costs. 
Despite this significance, little has been done to develop and implement 
systematic frameworks for incident traffic re-routing and thus, this critical task is 
mostly performed by the response personnel dispatched to the incident scene. Such 
empirical practice however, might lead to inefficient flow restoration and merely 
shifting the congestion to adjacent routes.  
In 2012, an extensive study in the Australian context (Kabit, 2012) revealed a 
variety of issues with the state of practice in incident management. The analysis of 
some major incidents debriefing reports in the aforementioned study specifically draws 
attention to the issue of inefficient incident traffic re-routing execution by the police 
and traffic response units.  
We also know from empirical studies (Peeta et al., 2000; Polydoropoulou et al., 
1996) that drivers prefer detailed traffic information, and that more detailed 
information on the location of incident, the expected incident duration and delay and, 
most importantly, the detour alternatives can yield higher re-routing rates.  
On the other hand, private-sector traffic information providers (e.g. Google 
Maps, Garmin GPS, Waze mobile and web applications, etc.) provide drivers with 
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User Optimal (or User Equilibrium -- UE) route choice advice through in-vehicle route 
guidance systems and smart phone applications; whereas the objective of ITM is to 
reduce the total system travel time, necessitating a System Optimal (SO) view on the 
problem (Sawaya et al., 2005).  
System optimal (SO) traffic assignment models belong to the class of 
transportation network modelling problems and have various applications in traffic 
management. These applications range from recurrent traffic management practices, 
such as congestion pricing and traffic control/information systems, to non-recurrent 
traffic management, such as ITM and evacuation scenarios. 
SO and UE traffic assignment problems, have been widely studied under both 
static and dynamic traffic flow assumptions. Despite the growing interest in the 
development and application of dynamic traffic assignment (DTA) models, static 
traffic assignment (STA) models are still widely used, especially in strategic 
transportation planning, due to higher efficiency and scalability; and lower 
computational complexity. The computational efficiency of a traffic assignment model 
becomes even more crucial in real-time decision making applications such as 
emergency evacuations and incident management, compared to long-term strategic 
transportation planning and operational applications. 
In traffic assignment, whether static or dynamic, the assumptions regarding the 
propagation of flow in the network (network loading) highly affect the model outputs. 
Therefore, besides computational efficiency; the ability of an assignment model in 
capturing the realism of traffic flow propagation plays a critical role in determining 
the quality of solution outputs. 
In classic STA models, no link capacity constraints are presumed and the impact 
of traffic congestion is only captured through increased link travel times. In addition, 
other complexities of traffic flow realism such as queue formation, dissipation, and 
spill-back, or traffic shockwave propagation are usually ignored in static models, 
which may lead to unrealistic path travel times and flows.  
In order to reflect such complexities, dynamic traffic flow models were 
introduced to reasonably capture these phenomena. This is achieved by introducing 
the dimension of time and keeping track of traffic flow propagation over time via 
complex analytical formulations (solved using heuristic algorithms) or heavily relying 
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on simulation. However, the computational complexity of DTA models increases 
drastically with problem size and as a result limits real-time applications to SO traffic 
incident management. Particularly, when considering multi-destination network 
applications (many-to-many origin-destinations) such complexities constrain fast 
computations that is necessary for real-time management decisions. 
The existing shortcomings in the state of art and practice in incident traffic re-
routing can be addressed by developing efficient incident traffic re-routing models, 
which take advantage of the vast existing and expanding knowledge of System 
Optimal Traffic Assignment (SOTA); along with technologies supporting Advanced 
Traffic Management Systems (ATMS) and Advanced Traveller Information Systems 
(ATIS).  
With recent advancements in information and communication technologies, 
vehicle automation (Autonomous Vehicles) and vehicle/infrastructure connectivity 
(Connected Vehicles), new possibilities emerge for communicating and enforcing 
advanced traffic routing directions for efficient utilization of existing traffic network 
capacities. Therefore, the task of finding optimal traffic directions becomes even more 
essential, as the required technologies will be available to facilitate the implementation 
and enforcement of optimal direction strategies.  
Consequently, a considerable part of the research efforts reported in this thesis 
are dedicated to developing methodologies for finding system optimal traffic 
directions within reasonable computational times, to be applied to real-time decision 
making scenarios. 
Developing and implementing successful ITM procedures is, however, not 
possible without an in-depth knowledge of the expected duration of incidents and the 
variables that significantly impact this duration. Duration data - defined as the time 
difference between the detection of an incident and the moment that the response vehicles 
depart the incident scene- is constantly collected and stored by incident management 
systems around the world but establishing efficient methodologies to utilize this 
valuable information has been challenging to researchers. Currently the decision-
making process for resources and crew allocation at incident management centres 
highly relies on the perception and experience of operators, usually with no assisting 
pre-specified guidelines. Thus, developing numerical models to predict incident 
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duration and provide insight into its critical determinants can highly assist the ITM 
practice with prioritization and faster flow restoration.   
Incident duration also plays a critical role in determining the planning horizon 
of incident traffic re-routing models allowing the drivers to re-route or re-schedule 
their trips (Chung, 2010). 
Following the discussion above, we identified two essential and interrelated 
components to be investigated and improved, in order to address the existing gap in 
the state of art as well as the common practice of ITM. Firstly, we need to develop 
numerical models that provide in-depth insights into how various incident-specific 
characteristics and the associated temporal and infrastructural determinants impact 
incident duration. Secondly, we need to propose, develop and test efficient and 
computationally inexpensive mathematical incident traffic re-routing models that 
provide optimal traffic flow patterns, for minimized total system travel time. It should 
be highlighted that computational tractability of the re-routing models becomes very 
critical for real-time applications in real-sized traffic networks. 
The aforementioned components have been addressed in two stages throughout 
this dissertation, Stage 1 and Stage 2 respectively.  
Stage 1 presents a comprehensive spectrum of state-of-the-art fixed and random 
parameter hazard-based Accelerated Failure Time (AFT) models for motorway 
incident duration.  
Stage 2.1 introduces an analytical ITM framework for freeway incident 
modelling and traffic re-routing. The proposed framework incorporates a selected 
econometric incident duration model and a traffic re-routing optimization module. The 
incident duration model (developed in Stage 1) is used to estimate the expected 
duration of the incident and thus determine the planning horizon for the re-routing 
module. The re-routing module is a Cell Transmission Model-based Single-
Destination System Optimal Dynamic Traffic Assignment (SODTA) model that 
generates optimal real-time strategies of re-routing motorway traffic to its adjacent 
arterial network during incidents. The proposed framework has been applied to a case 
study network including a stretch of Pacific Motorway and its adjacent arterial network 
in South East Queensland, Australia. The results from different scenarios of freeway 
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demand and incident blockage extent have been analysed and the advantages of the 
proposed framework have been demonstrated. 
Stage 2.2 introduces an efficient path-based System-Optimal Quasi-Dynamic 
Traffic Assignment (SOQDTA) framework that benefits from the computational 
efficiency of static traffic assignment models, yet captures the realism of traffic flow, 
with less complexity and computational burden, compared to dynamic traffic 
assignment models. To solve the proposed SOQDTA problem, we have developed a 
novel Path Marginal Cost (PMC) approximation algorithm, based on a newly-
proposed Quasi-Dynamic Network Loading (QDNL) procedure (Bliemer et al., 2014), 
that incorporates a first order node model, and thus produces realistic path travel times 
consistent with queuing theory and similar to dynamic network loading models, but at 
a lower computational cost. 
We have applied this SOQDTA model to the test network of Sioux Falls, in 
South Dakota, USA, and demonstrated that the proposed framework results in system 
optimal traffic flow patterns that improve total system travel times, both under 
incident-free and incident scenarios.  
 RESEARCH PROBLEM, QUESTIONS, AIM AND OBJECTIVES  
1.2.1 Research Problem 
As discussed earlier, the existing practice in incident traffic re-routing lacks 
systematic structure and reliable theoretical optimization tools to support traffic 
management decisions to minimize the impact of incidents on the networks 
performance. Furthermore, the state of art of finding the system optimal traffic 
assignment solutions is either based on simplistic assumptions resulting in unrealistic 
traffic flow situations, or based on rigorous dynamic traffic assignment and simulation-
based approaches that are computationally expensive and thus not practically relevant 
in real-time traffic re-routing for incident management. 
1.2.2 Research Questions 
This dissertation is designed to scientifically address the research problem 
identified. That however would not be possible without answering the following 
research questions through the two stages of the research: 
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1.2.2.1 Stage 1 
Stage 1 is presented in Chapter 3 and is designed to answer the following 
research questions: 
 Research Question 1.1: What are the significant variables affecting incident 
duration?  
 Research Question 1.2: How can the potential heterogeneity in duration data 
be captured? (The comparison between fixed parameter models, fixed 
parameter models with heterogeneity consideration and random parameter 
models). 
 Research Question 1.3: Do durations vary across motorways? If so, how do 
durations vary across motorways? 
 Research Question 1.4: What are the individual and simultaneous 
differential effects of the identified explanatory variable on incident survival 
probabilities? 
1.2.2.2 Stage 2 
Stage 2 is presented in two chapters (Chapters 4 and 5) and is designed to answer 
the following research questions: 
 Research Question 2.1: What are the key components of an efficient 
incident traffic-rerouting framework? 
 Research Question 2.2: What is the most beneficial category of traffic 
assignment models (static, dynamic or quasi-dynamic traffic assignment) 
for capturing the dynamics of traffic flow, when developing incident traffic 
re-routing models? What level of precision is suggested in capturing the 
dynamics of traffic flow when developing traffic re-routing models? 
 Research Question 2.3: How beneficial is traffic re-routing under different 
incident scenarios/or when is re-routing most beneficial? 
 Research Question 2.4: How much can the developed system optimal traffic 
re-routing frameworks reduce the total cost (total system travel time) 
compared to the do-nothing scenarios? 
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1.2.3 Research Aim 
The ultimate aim of this dissertation is to enhance the state of art in two 
significant and interrelated areas of ITM namely incident traffic re-routing and 
incident duration modelling.  
In order to achieve this aim, we need to develop, code and test novel and efficient 
System Optimal Traffic Assignment models to be used for incident traffic re-routing, 
alongside a variety of other potential applications of such models.  
Developing such models can be made possible through pursuing the following 
intermediate objectives, in two stages of research. 
1.2.4 Research Objectives and Tasks 
The following set of objectives have been defined to help pave the path for this 
research to achieve the aforementioned aim in two interrelated stages.  
1.2.4.1 Stage 1 
The main objective pursued in Stage 1 of this dissertation is to utilise state-of-
the-art econometric models to predict/explain incident duration with respect to its 
significant explanatory variables such as incident characteristics and temporal and 
spatial specifications. This objective is achieved through the following necessary 
tasks: 
 Research Task 1.1: Identify significant contributory variables to incident 
duration. 
 Research Task 1.2: Develop a comprehensive spectrum of fixed and random 
parameter Accelerated Failure Time (AFT) hazard-based models for 
motorway incident duration. 
 Research Task 1.3: Investigate the individual and simultaneous differential 
effects of the relevant explanatory variables on incident survival 
probabilities. 
1.2.4.2 Stage 2 
Stage 2 of this dissertation comprises two chapters (Chapters 4 and 5), each 
representing a distinct System Optimal Traffic Assignment (SOTA) model. The 
objective of this stage is to utilize the knowledge gained from Stage 1 to develop, code 
and test two distinct and state-of-the-art SOTA models; namely a System Optimal 
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Dynamic Traffic Assignment model (SODTA) and a System Optimal Quasi-Dynamic 
Traffic Assignment model (SOQDTA). 
This objective is achieved through on the following tasks: 
 Research task 2.1: Develop mathematical SOTA algorithms for optimal 
traffic re-routing during the course of incidents. 
 Research task 2.2: Test the developed models on appropriate case studies 
and demonstrate the applicability of the models to real-size problems. 
 Research task 2.3: Demonstrate the applicability of the developed models 
to incident traffic re-routing. 
 RESEARCH SIGNIFICANCE AND SCOPE  
This dissertation addresses the critical problems of incident modelling and traffic 
re-routing which are of significant importance to traffic management systems, due to 
the vast extent of the adverse impacts imposed on networks by incident-induced 
congestion. The recent and fast-growing advances in AV and CV technologies together 
with the abundance and the ever-increasing penetration rate of applications providing 
real-time traveller information have opened unprecedented avenues for the implication 
and enforcement of optimal traffic management strategies, which requires 
simultaneous advances in the state of art of efficient yet realistic traffic assignment 
algorithms. 
Proper application of system optimal traffic re-routing strategies can save traffic 
networks considerable amounts in total system travel time and cost, as will be 
demonstrated through case studies in this dissertation. 
In Stage 1 (Chapter 3) of this dissertation, we have developed AFT hazard based 
fixed and random parameter duration models to model crash durations on two major 
Australian motorways. 
In stage 2, we have initially developed a comprehensive framework for freeway 
incident modelling and traffic re-routing (Chapter 4). The framework incorporates a 
CTM-based single-destination SODTA model developed specifically for the purpose 
of incident traffic re-routing from a motorway to its adjacent arterial network. The re-
routing module accounts for background arterial traffic to avoid creating gridlocks as 
a result of traffic re-routing. 
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In the next chapter of Stage 2 (Chapter 5), we have expanded the borders of the 
problem and developed a many-to-many SOQDTA model that can have applications 
in not only ITM but also day to day traffic management, emergency evacuation 
scenarios, etc. We have developed, coded and tested this model for incident traffic re-
routing and demonstrated that it considerably reduces total system travel time under 
both incident and incident-free scenarios. 
It needs to be mentioned that, the research presented in this dissertation does not 
specifically focus on designing the strategies to convey routing advisory information 
to drivers but rather focuses on developing and testing theoretical frameworks for this 
purpose. Development of traffic re-routing implementation strategies can be the 
immediate next step in future research. 
 THESIS CONTRIBUTIONS 
The present dissertation offers a variety of contributions to the state-of-art in two 
distinct but interrelated areas of transportation science; namely traffic incident 
modelling and incident traffic re-routing. Through the two stages of this research we 
have: 
 Analysed the most comprehensive spectrum of parametric AFT hazard-
based models for motorway incident duration modelling. Log-Logistic, 
Weibull, Weibull with Gamma heterogeneity, Generalized Gamma and 
Generalized F parametric distributions have been analysed and compared 
to random parameter Log-Logistic and Weibull AFT structures in terms of 
goodness of fit to the duration data, and as a result, the random parameter 
Weibull AFT model has been selected as the best fit to the motorway 
duration dataset. The addition of generalized F and Gamma distributions to 
the model goodness of fit comparison between fixed parameter and random 
parameter AFT models for incident duration modelling is unique to this 
study.  
 Incorporated the location variable (the variable denoting the motorway 
where the incident occurs) in parametric AFT hazard-based models for 
incident duration modelling. 
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 Developed, coded and tested a CTM-based single-destination SODTA 
model with background traffic provision, for incident traffic re-routing from 
motorways to adjacent arterials. 
 Incorporated the selected duration model and the CTM-based single-
destination SODTA model, developed in the previous steps, into a 
comprehensive incident traffic modelling and re-routing framework. 
 Developed, coded and tested an efficient path-based SOQDTA model for 
generic many-to-many networks (multiple origin-destination networks), 
with a variety of potential applications ranging from recurrent traffic 
management to non-recurrent traffic management including incident traffic 
re-routing.  
The SOQDTA model is developed in consistence with a state-of-the-art- 
QDNL model. The QDNL model incorporates a generic first order node 
model that models the complicated supply and demand interactions at nodes 
and yields realistic turn capacities, which are then used to determine 
consistent capacity constrained traffic flows, residual point queues (vertical 
queues) upstream bottleneck links, and path travel times consistent with 
queuing theory.  
Furthermore, the utilized node model in the QDNL model can properly meet 
the FIFO requirement (alongside all other requirements of generic node 
models explained in section 2.3.2) and prevent traffic holding issues.  
 Developed a novel PMC approximation algorithm to solve the proposed 
SOQDTA model, in complete consistence with the aforementioned QDNL 
model.  
 THESIS OUTLINE 
The identified research questions, aim and objectives tremendously informed 
and guided the process of designing this research effort in such a way that it would 
address those questions and contribute to both the state of art and practice of ITM. We 
have presented the outcomes of our research in three chapters, each addressing specific 
parts of the research objectives and questions.  
 
 12 1 Introduction 
Chapter 2 critically reviews the existing literature in a variety of areas relevant 
to the two aforementioned stages of this dissertation. 
Chapter 3 is dedicated to motorway incident duration modelling and Chapters 4 
and 5 both address the traffic re-routing problem but under two different traffic flow 
model assumptions. Chapter 4 presents a single-destination CTM-based SODTA 
model for motorway traffic re-routing during incidents. Chapter 5 presents a novel 
many-to-many path-based SOQDTA model, with applicability to generic incident 
traffic re-routing problems.  
Chapter 6 presents the thesis conclusions, answers to research questions and 
avenues for future research. The References and Appendices have also been presented 
in Chapters 7 and 8 respectively. 
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2 Literature Review 
 STAGE 1 
A very wide spectrum of models, ranging from linear regressions to probabilistic 
distribution assignment, hazard-based models, discrete choice models and machine 
learning approaches have been implemented to study and model crash duration and 
identify the key determinants of this elapsed time. Among these approaches, hazard-
based models offer the unique advantage of allowing the study of duration effects (i.e. 
the relationship between how long a crash has lasted and the likelihood of it ending 
soon) (Nam & Mannering, 2000). The two main alternate structures of hazard-based 
models, namely the Proportional Hazards (PH) and the Accelerated Failure Time 
(AFT) models, allow examining the differential effects of external covariates 
(determinants) on the crash survival probabilities at each point in time. The following 
paragraphs represent a categorical representation of the relevant research in the context 
of incident duration modelling: 
2.1.1 Probabilistic Distribution Assignment Approaches 
Golob et al. (1987) analysed the data available from over 9000 crashes involving 
large trucks and combination vehicles during a two-year period on Southern California 
freeways, USA, in terms of the crash duration, collision factors, severity and lane 
closures. They assigned log-linear probabilistic distributions to the crash duration data 
and found the truck-involved crash durations to be log-normally distributed for 
homogenous categories. 
Giuliano (1989) used Analysis of Variance (ANOVA) to estimate models of 
incident duration as a function of various incident characteristics. Initially the incidents 
were categorized into crashes and other incidents, and later as ANOVA was held, 
twelve classifications of incidents were introduced based on the type of incident, the 
lane closure extent and the time of day. This study found durations of nearly all 
incident classifications to be log-normally distributed. The results of this study also 
indicated that crashes made up a relatively small proportion of all incidents, but 
accounted for a proportionally greater share of all incident durations. 
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2.1.2 Time Sequential Approaches 
Khattak et al. (1995) used a combination of truncated regression models (to 
account for possible non-reporting of short-duration incidents) and a time sequential 
methodology to predict the incident durations based on the incident information 
acquired in a traffic operations centre. The time sequential method was proposed since 
the authors discussed the availability and the relevance of the information acquired 
during incidents, stating that at the early stages of an incident’s being reported, often 
very little (merely incident location, time of day and weather) is known about its traits 
and the actions needed to clear it, but during subsequent stages, more information is 
acquired, and later as more detailed information becomes available better predictions 
can be made. Later through the life time of the incident, certain previously acquired 
information could become irrelevant to the prediction of the remaining incident 
duration and towards the end of an incident the acquired information may decay. 
Hence a time sequential method is proposed to account for the dynamic nature of the 
information acquisition process, in which certain freshly acquired variables might be 
added to or decayed variables might be eliminated from the models through different 
prediction stages. 
2.1.3 Machine Learning Approaches 
Ozbay and Kachroo (1999) introduced the application of decision trees in the 
context of incident duration study. Decision trees are nonparametric models which do 
not need to make assumptions on the data distributions and are consequently 
appropriate for situations where little information is on-hand (Valenti et al., 2010). 
Besides, the visual presentation of decision trees makes them easy to understand and 
adapt. However, decision trees can be insensitive to the stochastic nature of duration 
data as the nodes of traditional classification trees (proposed by Breiman et al. (1984)) 
have fixed average values. 
Smith and Smith (2001) investigated a stochastic model, a nonparametric 
regression model and a classification tree model to predict incident clearance time and 
found out that among all, the classification tree model was well-suited to their study. 
Contrary to the previous studies that applied Weibull and log-normal 
distributions to duration data, Smith and Smith (2001) found these distributions to be 
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unfitting to their database. This provides further evidence against the transferability 
issue of existing incident duration modelling approaches.  
Many more varieties of machine learning approaches have also been applied to 
the incident duration modelling problem, examples of which are Fuzzy Logic models 
(Hyung Jin & Hoi-Kyun, 2001; Wang et al., 2005), Artificial Neural Networks (Wang 
et al., 2005), Bayesian Networks (Boyles et al., 2007; Kim & Chang, 2012; Ozbay & 
Noyan, 2006), Relevance Vector Machine (Valenti et al., 2010), Support Vector 
Regression (Wu et al., 2011) and K-Nearest-Neighbour (Valenti et al., 2010). 
2.1.4 Discrete Choice Modelling Approaches 
Lin et al. (2004) pushed the boundaries further and incorporated discrete choice 
models in the form of an ordered probit model into incident durations. They applied 
discrete choice models to incidents with durations less than 60 minutes and a rule-
based supplemental module to account for incidents with higher durations. 
2.1.5 Conditional Probability Approaches 
Jones et al. (1991) analysed the frequency and duration of freeway crashes in 
Seattle, USA. They introduced the core concept of conditional probability to incident 
duration modelling; stating that crash duration was not actually an unconditional 
probability of an accident lasting exactly T minutes but rather a conditional probability 
of an accident ending at time t, having lasted until time t-1. Hazard-based models are 
a category of duration models suitable for modelling these conditional probabilities 
that change over time. Jones et al. (1991) found the durations to be log-logistically 
distributed and thus applied a log-logistic hazard-based duration model in their study. 
Later Nam and Mannering (2000) further investigated the application of hazard-
based models; testing exponential, Weibull, log-logistic, log-normal and Gompertz 
parametric distributions and selecting the alternative returning the best likelihood ratio 
statistics. They also introduced the concept of heterogeneity to incident duration 
modelling and accounted for that in their study. This study empirically proved hazard-
based models to be quite well-suited to incident duration analysis and allow for a 
deeper understanding of the decisive parameters in duration modelling compared to 
standard regression models. 
In another broad study, Chung (2010) applied a log-logistic AFT model to two 
years of accident duration data from the Korean Freeway System, aiming the 
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development of a crash duration prediction model. In this paper, the temporal 
transferability of the developed model was also tested and consequently, the estimated 
model parameters were reported to be stable over time. 
Tavassoli Hojati et al. (2013) also applied fixed and random parameter AFT 
models to examine incident duration along a set of urban motorways in Australia. 
Common incident types such as crash, hazard and stationary vehicles were tested 
through their models. Their analysis suggested the random parameter Weibull 
structure to be suitable for incident duration resulting from crashes and hazards, and 
the fixed parameter Weibull structure with Gamma heterogeneity to be suitable for 
modelling incident duration resulting from stationary vehicles. As a further instance , 
Ghosh et al. (2014) introduced the application of generalized F distribution for freeway 
incident clearance time AFT modelling and found this structure to outperform five 
other nested parametric structures. 
In light of the above literature review, there still remain some fundamental 
research gaps. First, previous comprehensive hazard-based duration studies (Chung, 
2010; Nam & Mannering, 2000; Tavassoli Hojati et al., 2013) and other incident data 
modelling techniques have applied their models on integrated datasets obtained from 
a number of motorways. While these studies provide in-depth insights into the incident 
duration modelling problem, the stability of these models over time and their 
transferability to other locations is a significant research question. Do the incident 
durations and associated parameters vary across motorway types? An appropriate 
answer to this research question might help the incident management systems to better 
deploy their resources along different motorways rather than allocating an evenly 
distributed amount of resources to all motorways. 
 Second, many studies in the past have mainly focused on how to better fit a 
statistical model to duration data, but the capability of these models has not been fully 
explored in investigating the effects of significant explanatory variables on the incident 
duration. The major advantage of hazard-based AFT models is their capability in 
distinguishing the individual and simultaneous differential impacts of the relevant 
covariates on the survival probabilities of motorway incident duration. The differential 
effects of duration determinants on different roads/motorways need to be investigated 
individually to help assist the management and resource allocation process at incident 
management centres. This chapter aims to derive insights into the effects of different 
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incident-related variables such as the incident type and location, number and type of 
vehicles involved, damage to the infrastructure, towing and diversion requirements, 
injuries and transfers to hospital, involvement of heavy vehicles and temporal 
characteristics, on motorway crash duration. 
 Third, random parameters hazard-based duration models—that explicitly 
account for unobserved heterogeneities by allowing parameters to vary randomly 
across observations—have been presented by some recent studies; however the effects 
of random parameters on the survival probabilities of incident duration have not been 
widely investigated.  
Consequently, the objective of Chapter 3 is to investigate the individual and 
simultaneous differential effects of the relevant determinants on the crash duration 
probabilities on motorways. In particular, this chapter applies AFT hazard-based 
models to develop in-depth insights into how the crash-specific characteristics and the 
associated temporal and infrastructural determinants impact the duration. To achieve 
this, both fixed and random parameter AFT models have been calibrated on one year 
of traffic crash records from two major motorways in South East Queensland, 
Australia, and the performance of these models have been compared. The survival 
functions for different significant variables have also been derived to comprehensively 
understand the differential effects of explanatory variables across the two motorways. 
 STAGE 2.1 
This section will initially review the most relevant literature of the System 
Optimal Dynamic Traffic Assignment (SODTA) problem and next elaborate on the 
ITM-related DTA state of the art. 
2.2.1 Dynamic Traffic Assignment 
In a comprehensive review of the DTA literature, Peeta and Ziliaskopoulos 
(2001) have categorized the existing approaches into four broad methodological 
groups of mathematical programming, optimal control, variational inequality and 
simulation-based. 
In light of the literature; as will be explicitly discussed in this section, 
mathematical programming formulations and simulation-based models have been 
identified as the most widely applied approaches to the incident management problem.  
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The SODTA problem was first formulated as a mathematical program by 
Merchant and Nemhauser (1978a) and Merchant and Nemhauser (1978b) (the well-
known M-N model), whose work provided basis for future improvements in the 
mathematical programming of DTA. They proposed a non-convex non-linear 
programming formulation to address a fixed-demand, single-destination system 
optimal DTA (SODTA) problem. 
Later Carey (1987) reformulated the M-N problem as a convex yet non-linear 
program which can be solved with standard mathematical programming software. The 
resulting formulation can be extended to a multiple-destination DTA problem which 
however; would yield a non-convex constraint set , due to the “first-in, first-out” 
(FIFO) requirement.  
To obviate the non-linearity issue of mathematical programs for the sake of more 
computational efficiency, Ziliaskopoulos (2000) used the cell transmission model 
(CTM) by Daganzo (1994) to formulate the single-destination SODTA problem as a 
linear program. This formulation offers a variety of mathematical and algorithmic 
advantages over the previously mentioned models due to linearity. Moreover, since 
the flow propagates according to CTM, this formulation can capture backward 
shockwave propagation, queue formation and dissipation and is thus more consistent 
with traffic realities (Peeta & Ziliaskopoulos, 2001). 
The cutting edge of the mathematical programming approach in general, is its 
analytical nature which provides significant insight into the DTA problem.  
A rigorous body of DTA literature is also founded on the simulation-based 
modelling of this problem (Ben-Akiva et al., 1998; Hawas & Mahmassani, 1995; 
Hawas, 2012; Mahmassani et al., 1998; Mahmassani, 2001; Mahmassani & 
Jayakrishnan, 1991; Paz & Peeta, 2009; Yang et al., 2000). There are similarities 
between the simulation-based and mathematical programming approaches in the sense 
that the underlying mathematical abstraction of the simulation-based models is 
actually a conventional analytical formulation, mostly of the mathematical 
programming spectrum. The difference between the simulation-based models and the 
mathematical programs however, arises in the way the different constraints of a traffic 
flow problem are handled in these two methods. In the simulation-based models, these 
constraints are addressed through simulation as opposed to analytical evaluation. 
Consequently, theoretical insights into the DTA problem cannot be derived from the 
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simulation-based models. Moreover, optimality of solutions cannot be guaranteed in 
the simulation-based approach. However, their capability in incorporating more 
detailed realistic traffic phenomena has led to their wider application in real-world 
problems, well-known examples of which are DynaMIT (Ben-Akiva et al., 1998) and 
Dynasmart (Mahmassani et al., 1998). 
As a significant example of this approach, Peeta and Mahmassani (1995a) 
introduced a comprehensive quasi-real time multiple user class dynamic traffic 
assignment problem with a simulation-based rolling horizon solution framework, to 
provide real-time path information to ATIS/ATMS equipped users during unpredicted 
network conditions like incidents. Three equipped user classes following respectively 
1) prescribed system optimal paths, 2) user-equilibrium paths or 3) a bounded rational 
switching rule; as well as one user class of unequipped drivers following externally 
determined routes were incorporated in this study. Consequently this problem becomes 
highly complicated due to the complex interactions between user classes and thus the 
solution relies essentially on simulation, with high computational burden. 
Oh and Jayakrishnan (2000) examined whether temporally changing VMS 
messages can lead to near system optimal flow splits; for which they formulated a 
SODTA problem as a mixed integer program and introduced a heuristic algorithm to 
solve it using simulated path marginal cost calculations. This method depends 
substantially on the driver compliance behaviour and simulation. 
2.2.2 Applications of DTA in ITM 
Moving from the more general area of DTA to the specific applications of DTA 
in ITM, there have been studies both using the mathematical programming and 
simulation-based approaches. 
Kaufman et al. (1991) proposed an iterative routing method for anticipatory real-
time route guidance based on time dependent fastest path forecasts. The link travel 
time forecasts were generated using a simulation-based traffic assignment module that 
sought user-optimality. However, this approach did not account for non-recurrent 
events like incidents which would necessitate re-evaluation of the anticipatory travel 
time forecasts and route guidance. 
Later Al-Deek and Kanafani (1993) used a deterministic queuing model to 
disseminate user optimal diversion information merely to drivers equipped with ATIS, 
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during freeway incidents. This diversion process lasts as long as the alternate route is 
faster than the freeway and will stop once equilibrium is achieved. Determining the 
duration of this process though, requires prior knowledge about the exact market 
penetration rate of equipped vehicles in the network. This rate has to be computed for 
large networks. 
Peeta et al. (2000) investigated the impact of different VMS message contents 
on driver diversion behaviour under incident through an on-site stated preference 
survey along a freeway corridor. They developed logit models for this purpose and 
demonstrated a significant correlation between the drivers’ willingness to divert and 
the level of VMS content details about the location of the accident, expected delay and 
re-routing strategy. The findings of this study provided basis for a later study by Peeta 
and Gedela (2001) in which a three-step VMS control heuristic for diversion during 
incidents was developed. This algorithm included VMS activation, message display 
and update, which required the availability and acquisition of data on driver VMS 
response behaviour. 
Zuurbier et al. (2006) introduced a generic methodology to generate optimal 
dynamic route guidance to be implemented by variable message signs. They used a 
heuristic method based on evolutionary algorithm to generate close to optimal 
solutions. Nevertheless, as the nature of evolutionary algorithms dictates, the global 
optimality could not be guaranteed and the methodology required extensive 
calculations to converge. 
In a more recent study Ma et al. (2015) proposed an agent-based optimization 
framework to provide personalized real-time traffic information to heterogeneous 
travellers with different behaviours, origin-destinations and historical routes. Their 
proposed mixed integer program can be solved with commercial solvers for small-
sized networks whereas it becomes computationally cumbersome for medium to large-
sized networks. For medium to large scale networks, they proposed a Lagrangian 
Relaxation-based heuristics and solve the optimization problem using a simulator. 
To take advantage of the computational efficiency of the linear SODTA model 
by Ziliaskopoulos (2000), Sawaya et al. (2005) introduced an analytical framework for 
computing time-dependent alternate routes around freeway incidents. In their study, 
they isolated an area of network around the incident, and having the historical and 
short-term projected demands, applied their model to direct the total demand in the 
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isolated area to a single destination downstream of the incident. However, this 
structure can be improved, since in real world applications the existing background 
arterial path flows do not necessarily need to be re-routed in the ITM procedure. To be 
more precise, the single-destination SODTA model proposed re-routes the traffic from 
upstream to a single destination downstream of the incident on the freeway. However, 
existing background arterial path flows which cannot use the freeway as part of their 
path to reach their destinations, should not be re-routed to the freeway.    
Considering the computational efficiency of Ziliaskopoulos’s linear CTM-based 
SODTA program, and its capability in computing the optimal solution fast enough for 
real-time applications, the same analytical approach is adapted in Chapter 4. However, 
in comparison to the work of Sawaya et al. (Sawaya et al., 2005), the background 
arterial flows are conserved explicitly in the flow propagation constraints of the 
proposed formulation.  
Being single-destination, the model presented in Chapter 4 is efficient and 
adequate for re-routing freeway traffic to a single point downstream of freeway 
incidents, however, development of a generic model that can be applied to any generic 
and many-to-many O-D pair network configuration is highly desirable. However, 
possible generalizations of the above single-destination CTM-based  model to a 
multiple-destination problem may lead to FIFO rule violations (Sawaya et al., 2005), 
and will considerably increase the computational time, by increasing the number of 
traffic flow variables (x and y) to capture all destinations in the network. 
Hence, in Chapter 5 we have expanded our study and developed a generic SO 
traffic assignment formulation based on a quasi-dynamic network loading model, 
which benefits from the generality of a many-to-many model, and generates path flows 
and travel times that are realistic and compatible with queueing theory. 
The remainder of this chapter reviews the exiting relevant literature that forms 
the foundation for the proposed SOQDTA model. 
 
 STAGE 2.2 
The SOQDTA problem proposed in stage 2.2 is founded on multiple 
components, including a QDNL model, a first-order node model, and a PMC 
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approximation module. Therefore the literature review section of Stage 2.2 has been 
divided into corresponding subsections as follows. 
2.3.1 Quasi-Dynamic Traffic Assignment 
In classic Static Traffic Assignment (STA) models, no link capacity constraints 
are presumed and the impact of traffic congestion is only captured through increased 
link travel times. Furthermore, other complexities of traffic flow realism such as queue 
formation, dissipation, and spill-back, or traffic shockwave propagation are usually 
ignored in static models, which may lead to unrealistic path travel times and flows.  
Therefore, there have been many efforts in the literature to improve the precision 
and realism of STA models to generate more accurate traffic flow patterns and travel 
times, whilst taking advantage of their high computational tractability. Research along 
this path has led to a class of assignment models where link capacity constraints and/or 
residual queues are incorporated into static assignment. In the literature, capacity 
constrained static models with residual queues are referred to as Quasi-Dynamic 
Traffic Assignment (QDTA) models. 
Bliemer et al. (2014) categorized the efforts to improve the classic unconstrained 
static assignment models into a) models that bound link flows by rigid capacity 
constraints, and b) models that allow for link flows higher than link capacities but 
consider residual queues on links. 
2.3.1.1 Capacity constrained models 
The models in this class have incorporated a set of constraints in the form of  
𝑆𝑎 ≤ 𝐶𝑎 into the classic unconstrained assignment problem; where 𝑆𝑎 represents the 
total in-flow on link 𝑎 (i.e. the present demand on the link a) and 𝐶𝑎 represent the link 
capacity. These additional set of constraints have led to computational complexities in 
the solution algorithms or the non-existence of a feasible solution in congested 
networks. Such hard constraints are also unrealistic because they lead to assignment 
solutions in which no queues are formed, whereas in reality cars will form queues on 
congested links. Studies in this direction include the earlier works by (Bell, 1995; 
Hearn, 1980; Hearn & Ribera, 1980; Inouye, 1987; Jorgensen, 1963; Larsson & 
Patriksson, 1995; Payne & Thompson, 1975; Smith, 1987; Yang & Yagar, 1994, 1995) 
and the more recent works by (Marcotte et al., 2004; Meng et al., 2008; Nie et al., 
2004; Prashker & Toledo, 2004; Shahpar et al., 2008). 
 2 Literature Review 23 
2.3.1.2 Residual queuing models 
Residual queuing models consider constrained link exit capacities and make 
more realistic assumptions; in the sense that the link out-flow can be lower than the 
total link demand, in a certain period of time, in which case residual queues form on 
the link. In the literature, this phenomenon is mostly modelled by mathematical 
optimization problems that bound the link out-flows by fixed link exit capacities 
(Bifulco & Crisalli, 1998; Lam & Zhang, 2000; Smith, 2013). 
There are two main shortcomings to this approach. First, the consideration of 
link exit capacities will lead to the formation of queue within bottleneck links, whereas 
in reality queue will form upstream of a bottleneck. Second, most of the models in this 
area consider fixed and predetermined link exit capacities (typically based on the 
physical capacity of the link), whereas the actual out-flow of a link has to be 
determined by the interactions between downstream capacity constraints and the flows 
(demands) and capacities of all the links competing for the downstream capacity.  
Besides the mathematical programming approaches, Bundschuh et al. (2006) 
proposed an operational procedure that assigns and propagates increments of flow on 
paths until the link exit capacities are reached. The excess flow on the links are then 
considered as residual queues. Similarly, Bliemer et al. (2012) considered an 
operational procedure which used link entrance capacities rather than link exit 
capacities and this way, managed to predict the correct location of queues. However, 
as it is well-established in dynamic network loading (DNL) models, the complicated 
interactions of all the links competing for a limited downstream capacity can only be 
captured by the use of an appropriate node model. Incorporating a comprehensive node 
model into the static assignment problem, can generate more realistic link exit 
capacities, considering the link demands and capacities, and important traffic 
principles like First-In-First-Out (FIFO) requirement.  
In order to address the aforementioned shortcomings in the static assignment 
models, Bliemer et al. (2014) introduced an efficient Quasi-Dynamic Network 
Loading (QDNL) model in the form of a fixed point problem, which incorporates a 
comprehensive first order node model to properly constrain traffic flows, predict the 
number of vehicles in the queue and locate queues upstream of bottlenecks. This model 
considers static traffic demand with residual vertical queues and no spillback, however 
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produces traffic flow patterns and travel times similar to DTA, by considering realistic 
supply-demand interactions. 
Using the node model, the QDNL model also generates link reduction factors, -
defined as the ratio of link out-flow to link demand, and uses these reduction factors 
to compute average path travel times consistent with queueing theory. Bliemer et al. 
(2014) also demonstrate that the previous QDNL models in the literature 
underestimate path travel times. 
Their model proposes a reasonable balance between static and dynamic traffic 
assignment, which benefits from the computational efficiency of static traffic 
assignment models, while sufficiently capturing the spatial interactions of traffic 
flows. Chapter 5 has therefore been founded on this QDNL model, which will be 
explicitly explained in the methodology section of Chapter 5 (section 5.3.1). 
2.3.2 First-Order Node Models 
Node models are an essential component of DNL models, and go hand-in-hand 
with link models to determine the propagation of flow through the nodes and on the 
links. Despite the importance of node models in capturing the realism of traffic flow 
propagation, there have been shortcomings in the existing node models. Tampère et al. 
(2011) have explicitly studied the necessary requirements that a comprehensive node 
model should meet and have accordingly proposed a generic first order node model 
which meets all of the essential criteria to generate realistic and oriented capacity2 
proportional distribution of the available downstream supply over the incoming links 
of a node. This proposed node model is transferable to multi-commodity flow and can 
be used for any node configuration including simple merges or diverges, general nodes 
with multiple merges and diverges, etc. 
Tampère et al. (2011) have specified seven requirements that must be satisfied 
in every first order macroscopic node model, namely 1) general applicability (i.e. being 
applicable to general cross-nodes with any number of incoming and outgoing links); 
2) maximizing flows; 3) non-negativity; 4) conservation of vehicles; 5) satisfying 
demand and supply constraints; 6) observing the conservation of turning fractions 
                                                 
 
2 Oriented capacities have been mathematically defined in the node model algorithm, in the 
Methodology section of Chapter 5 (Section 5.3.2). 
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(CTF) (which is the equivalent of FIFO requirement); and 7) satisfaction of the 
invariance principle3. However, many existing node models in the literature are 
generalizations of simple merge and diverge models and do not comply with all of the 
aforementioned criteria. The pioneering work by Daganzo (1995) introduces models 
for merges and diverges separately, which meet criteria number 2 to 7, however are 
not designed for general cross-nodes. In the Daganzo (1995) model, in cases where 
demand exceeds supply, the available supply will be distributed over the incoming 
links using distribution fractions that reflect priorities. Jin and Zhang (2003), on the 
other hand, proposed a demand-proportional distribution of supply between the 
incoming links, for merge nodes only, in which the invariance principle is also not 
satisfied. 
Ni and Leonard (2005) have introduced a capacity-proportional distribution of 
supply which satisfies requirements number 2 to 7 but has been merely defined for 
merge nodes.  
In order to achieve general applicability, the following studies have attempted to 
introduce node models for general cross-nodes: 
Holden and Risebro (1995)  proposed a node model for general cross-nodes 
which does not account for FIFO requirement. Jin and Zhang (2004) and Nie et al. 
(2008) also proposed models relaxing FIFO requirement. 
Adamo (1999) introduced two models, one of which ensuring FIFO requirement 
without necessarily maximizing the flow and the other maximizing the flow without 
ensuring FIFO requirement. 
Lebacque and Khoshyaran (2005) initially introduced the invariance principle 
and the necessity to observe it in generic node models. To be consistent with this 
principle, they obtained the node demand and supplies using the global zone 
fundamental diagram for each node. This process however, would require detailed 
information about every intersection and has been avoided in later studies. 
                                                 
 
3 Invariance principle states that “under constant demand and supply constraints, flows should be 
invariant during an infinitesimal time step”(Tampère et al., 2011). 
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Bliemer (2007) also proposed a model that does not maximize the flow with 
regards to the available supply and is, as well, inconsistent with the invariance 
principle. 
Tampère et al. (2011) have developed a model for general cross-nodes fulfilling 
all of the aforementioned requirements and based on a set of rules referred to as the 
supply constraint interaction rules (SCIR). SCIR captures the interactions of various 
supply constraints with each other and with the flows on competing upstream links, to 
“determine how a limited downstream supply is shared among the upstream links in 
congested conditions”(Flötteröd & Rohde, 2011). In their model, Tampère et al. (2011) 
distribute the supply based on oriented capacities, which will be explicitly explained 
in the methodology section of Chapter 5. 
They propose an efficient iterative solution algorithm (with guaranteed 
convergence after a maximum of m iterations, m being the number of node in-links) to 
solve the model and determine the link flow reduction factors and actual turn flows 
from in-links to out-links. 
This node model has been implemented in the quasi-dynamic network loading 
algorithm by Bliemer et al. (2014) and has, as well, been used in the present study 
(Chapter 5). 
An elaborate review on first order node models is provided by Smits et al. (2015) 
which describes a family of macroscopic node models that the models of Tampère et 
al. (2011), Flötteröd and Rohde (2011) and Gibb (2011) belong to. It needs to be 
mentioned that our framework would work with any of the node models presented 
under this family of models, which makes it more widely applicable. 
 
2.3.3 Path Marginal Cost Approximation  
System optimal traffic assignment seeks to find an optimal traffic flow pattern 
for the network, such that the total network cost (travel cost) is minimized. Potential 
applications include traffic management, congestion pricing, evacuation planning, and 
work zone and incident traffic management. 
There exist two main approaches in modelling the system optimal traffic 
assignment problem, namely link-based (formulated based on link flows) and path-
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based (formulated based on path flows). The link-based formulations seek to optimize 
turn flows from upstream links to alternative downstream links, whereas the path-
based formulations seek to optimize the distribution of origin-destination (O-D) 
demands among predefined path alternatives. Since the path sets sizes grow 
combinatorial with respect to number of network links, a link-based formulation leads 
to smaller number of decision variables and is thus more tractable. 
There are computationally efficient Linear Programming (LP) formulations that 
have been implemented to model and solve the link-based SO problem. However, in 
the originally proposed link-based formulations, the constraint sets were mainly non-
linear (Merchant & Nemhauser, 1978a, 1978b) and the modifications to make the 
constraints linear (Carey, 1987; Ziliaskopoulos, 2000) may lead to issues such as flow 
holding on links, especially in many-to-many networks. The flow holding issue in a 
system optimal dynamic traffic assignment model can happen when, in a solution, 
despite positive remaining capacity in the downstream, vehicles are being held at an 
upstream link or a junction, to accommodate other path flows that are possibly more 
critical to the system objective. Although the objective value may be superior in a flow 
holding solution, such a solution is considered impractical and undesirable, because it 
is usually assumed that vehicles do not selflessly hold or slow down to favor the system 
objective. In order to eliminate such instances additional constraints should be 
incorporated. 
 In addition, more detailed path flow constraints (such as the first-in-first-out rule 
– FIFO) are difficult to represent in link-based formulations. On the other hand, path-
based formulations can easily capture these constraints, but at the expense of higher 
computational burden. 
 
A path-based SO traffic assignment problem can be converted into a Variational 
Inequality and be solved using conventional traffic assignment solution finding 
algorithms. The key to this solution is the estimation of PMC. PMC is defined as the 
changes in total system travel time due a single unit of flow perturbation on each 
individual path, and is equal to the gradient of total travel time with respect to the path 
flow. In the SO static assignment problem, at the optimum solution, the PMC on all 
used paths connecting a given O-D pair are equal to or less than the PMC on any 
unused paths (Peeta & Mahmassani, 1995b). Similarly for SODTA, Peeta and 
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Mahmassani (1995b) proved that, at the optimum solution4, the time-dependent PMC 
on all used paths connecting a given O-D pair are equal to or less than the time-
dependent PMC on any unused paths. As a result, assigning vehicles to paths with the 
minimum PMC between each O-D pair will lead to a SODTA solution. 
In typical static traffic assignment problems where travel times are obtained 
through explicit volume-delay functions (e.g. the BPR function), marginal costs are 
simply calculated by taking the derivative of the link travel time functions with respect 
to flow. However, in more advanced dynamic and quasi-dynamic traffic assignment 
problems that use network loading procedures, path travel times are computed 
implicitly and thus the estimation of PMC is not a trivial task. Therefore, designing 
efficient algorithms to approximate the PMC -without enumerating and loading one 
perturbed solution for every path- can be very valuable in solving SO traffic 
assignment problems. 
Examples of such studies in the context of path-based SODTA are as follows.  
Peeta and Mahmassani (1995b) utilized PMC to obtain the SODTA solution for 
general networks. They obtained PMC by summing up link marginal costs (obtained 
as the derivative of the time-dependent link performance function) along the paths, 
with the consideration of link traversal times. This method was later shown to 
overestimate the PMC (Shen et al., 2007). 
Ghali and Smith (1995) also estimated an SODTA solution using link marginal 
costs in general networks. Shen et al. (2007) estimated PMC by tracing the changes in 
link cumulative flow arrival and departure curves along the paths, for the special case 
of networks without diverges. Later, Qian et al. (2012) used a similar approach and 
generalized the model to include diverges as well. 
In the context of Quasi-Dynamic Traffic Assignment (QDTA) however, most of 
the studies have focused on UE traffic assignment and little has been done to design 
efficient PMC estimation algorithms to be used in System Optimal Quasi-Dynamic 
Traffic Assignment (SOQDTA).  
                                                 
 
4 In System Optimal traffic assignment, optimal solution refers to “the traffic assignment pattern that 
results in the minimum system cost” and optimal solution value refers to the minimal system cost. 
(Shen & Zhang, 2014) 
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Given the computational and practical benefits of the newly-proposed QDNL 
algorithm by Bliemer et al. (2014), we propose a PMC approximation algorithm 
consistent with this QDNL algorithm, to be used for SOQDTA. The resultant path-
based SOQDTA problem can be solved for many-to-many networks without issues 
such as flow-holding. 
 CRITICAL OVERVIEW 
Managing the impacted traffic is of particular interest in the context of ITM as 
the queue propagation upstream of an incident can lead to substantial delays as well as 
interruption in the response and clearance processes. Despite this significance, the 
existing practice in incident traffic re-routing lacks systematic structure and reliable 
theoretical optimization tools to support traffic management decisions and minimize 
the impact of incidents on the network performance.  
On the other hand, private-sector information providers (e.g. Google Maps, 
Garmin GPS, Waze mobile and web applications, etc.) provide drivers with user 
optimal route advice through in-vehicle route guidance systems and smart phone 
applications; whereas the objective of ITM is to reduce the total system travel time, 
necessitating a system optimal view on the problem (Sawaya et al., 2005).  
As discussed through this chapter, the state of the art of finding the system 
optimal traffic assignment solutions is either based on simplistic assumptions resulting 
in unrealistic traffic flow situations, or based on rigorous dynamic traffic assignment 
and simulation-based approaches that are computationally expensive and thus not 
practically relevant in real-time traffic re-routing for incident management. 
In classic STA models, no link capacity constraints are presumed and the impact 
of traffic congestion is only captured through increased link travel times. In addition, 
other complexities of traffic flow realism such as queue formation, dissipation, and 
spill-back, or traffic shockwave propagation are usually ignored in static models, 
which may lead to unrealistic path travel times and flows.  
In order to reflect such complexities, dynamic traffic flow models were 
introduced to reasonably capture these phenomena. This is achieved by introducing 
the dimension of time and keeping track of traffic flow propagation over time via 
complex analytical formulations (solved using heuristic algorithms) or heavily relying 
on simulation. However, the computational complexity of DTA models increases 
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drastically with problem size and as a result limits real-time applications to SO traffic 
incident management. Particularly, when considering multi-destination network 
applications (many-to-many origin-destinations) such complexities constrain fast 
computations that is necessary for real-time management decisions. 
Consequently, despite the advantages of the studies reviewed in this chapter, 
there still exists the need for efficient system optimal traffic assignment models that 
can be solved for many-to-many real-size networks, fast enough to suit real-time 
applications. The above review of the existing literature highlights the possibility to 
take advantage of, and build upon the existing state-of-the-art QDNL models to 
develop a computationally efficient system optimal traffic assignment framework 
which can assist ITM, besides many other traffic management applications. 
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3 Motorway Crash Duration Models 
 SUMMARY 
Traffic congestion has been a growing issue in many metropolitan areas during 
recent years, which necessitates the identification of its key contributors and 
development of efficient strategies to help decrease its adverse impacts on traffic 
networks. Road incidents generally and crashes specifically have been acknowledged 
as the cause of a large share of travel delays in urban areas and account for 25% to 
60% of traffic congestion on motorways.  
Identifying the critical determinants of travel delays has been of significant 
importance to incident management systems, which constantly collect and store the 
incident duration data. This chapter investigates the individual and simultaneous 
differential effects of relevant determinants on motorway crash duration probabilities. 
In particular, it applies parametric Accelerated Failure Time (AFT) hazard-based 
models to develop in-depth insights into how the crash-specific characteristic and the 
associated temporal and infrastructural determinants impact duration. AFT models 
with both fixed and random parameters have been calibrated on one year of traffic 
crash records from two major Australian motorways in South East Queensland and the 
differential effects of determinants on crash survival functions have been studied on 
these two motorways individually. 
A comprehensive spectrum of commonly used parametric fixed parameter AFT 
models, including Log-Logistic, Weibull, Weibull with Gamma heterogeneity, 
Generalized Gamma and Generalized F distributions have been compared to random 
parameter Log-Logistic and Weibull AFT structures in terms of goodness of fit to the 
duration data, and as a result, the random parameter Weibull AFT model has been 
selected as the best-fitting model.  
 Significant determinants of motorway crash duration identified included traffic 
diversion requirement, the motorway on which the crash occurs, crash injury type, 
number and type of vehicles involved in the crash, day of week and time of day, towing 
support requirement and damage to the infrastructure. A major finding of this research 
is that the motorways under study are significantly different in terms of crash 
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durations; such that motorway 1 exhibits durations that are on average 19% shorter 
compared to the durations on motorway 2. The differential effects of explanatory 
variables on crash durations are also different on the two motorways. The detailed 
presented analysis confirms that, looking at the motorway network as a whole, 
neglecting the individual differences between roads, can lead to erroneous 
interpretations of duration and inefficient allocation of resources along different 
motorways. 
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 INTRODUCTION 
Traffic congestion has been a growing issue in many metropolitan areas during 
recent years (Arnott & Small, 1994), leading to a large share of travel delays and lost 
commute time, excess fuel consumption, emission of air pollutants, compromised 
safety, and ultimately monetary losses. This necessitates the identification of the key 
contributors to congestion and development of efficient strategies to help decrease its 
adverse impacts on traffic networks. 
Traffic incidents have been acknowledged as the cause of a considerable share 
of travel delays in urban areas (Balke et al., 1991a; Luk et al., 2001; Nam & 
Mannering, 2000) and account for 25% to 60% of traffic congestion on motorways 
(Skabardonis et al., 2003; Tavassoli Hojati et al., 2014).  
The term “traffic incident” refers to all types of events that might lead to an 
interruption in the regular traffic flow and in turn excess congestion; covering a wide 
range of crashes, road blockages like construction and maintenance activities, vehicle 
breakdowns, etc. (Srinivasan et al., 2008). Among all unplanned incident types, traffic 
crashes have been the focus of many duration modelling studies. The reason behind 
this emphasis is the fact that crashes do not make up the largest proportion of all 
incidents; however, are shown to account for a significant and more than proportional 
share of all incident duration (Chin et al., 2004; Giuliano, 1989; Skabardonis et al., 
2003). Moreover, the inherent complexities of crashes and the vast variety of elements 
involved in determining their duration and impact on the regular traffic flow, 
necessitate deeper investigation of them compared to other incident types. 
Since incident duration is a major decisive factor in the estimation of total 
incident-incurred delay (Giuliano, 1989), establishing methodologies to associate this 
duration with the incident-specific characteristics, traffic-related characteristics and 
temporal and infrastructural specifications, becomes very crucial. In the literature 
(Chung, 2010; Jones et al., 1991; Nam & Mannering, 2000; Tavassoli Hojati et al., 
2013), “incident duration” has been defined as the time difference between the 
detection of an incident and the moment that the response vehicles depart the incident 
scene. The same definition has been adopted in this study. 
Duration data is constantly being collected and stored by the incident 
management systems around the world but establishing efficient methodologies to 
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utilize this valuable information has been challenging to researchers. Currently the 
decision-making process for resources and crew allocation at incident management 
centres highly relies on the perception and experience of operators, usually with no 
assisting pre-specified guidelines. Thus, developing numerical approaches to identify 
the critical determinants of duration that require prioritization for faster clearance of 
incident and also predict the duration to allow the motorists to re-route or re-schedule 
their trips (Chung, 2010), can highly assist the management procedures.   
This chapter aims to contribute to this research direction by developing well-
fitting hazard-based models to identify the critical determinants of crash duration that 
require prioritization, and investigate whether or how the differential effects of these 
determinates on duration vary across motorways. The proposed methodological 
framework and developed econometric models can also provide the incident response 
operators with a tool to assist the decision making process for efficient resource and 
crew allocation. 
The following sections of this chapter initially outline the methodological 
framework and its applications. Next, the model development procedure is explained 
and the analysis results, conclusions and future research avenues are discussed. 
 METHODOLOGICAL FRAMEWORK 
The analysis in the present study has been conducted following the framework 
presented in Figure 3.3-1. 
The framework includes elements of information and variable extraction from 
historically stored incident data, parametric AFT duration models calibration, model 
selection and eventually detailed survival analysis. The acquired knowledge can 
consequently be utilized in a variety of incident management applications such as real 
time resource and crew allocation management in accordance with incident location 
and characteristics, incident duration prediction as well as incident management 
system evaluation and fault identification. Once the performance of the system is 
evaluated in response to different spatial, temporal and incident characteristics, 
modifications can be made and the performance can be re-evaluated following the 
same framework.  
The modelling procedure present in this framework is explicitly explained in the 
following subsection. As inferred from the literature, there is generally no single 
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probability distribution that can characterize motorway crash duration. Different 
studies have introduced different parametric distributions for this purpose, according 
to their datasets. In hazard-based duration models, alternate parametric distributions 
imply different restrictive duration-dependence forms (as will be discussed in the next 
section) and thus; it is critical to select the correct distribution. One solution to this 
problem would be to test statistically among competing distributions and select the 
one that exhibits the best selection criterion (Jain & Vilcassim, 1991) (Akaike 
Information Criterion in our study), as we have done in this study. Since the present 
study covers a vast range of parametric distributions, it provides strong basis for 
comparison of different structures. 
Incorporating a comprehensive variety of parametric AFT models with fixed and 
random parameters, the framework is transferable to different geographical locations. 
The AFT models however, should be recalibrated on location specific incident data 
and the best-fitting model should be selected based on the goodness of fit measures. 
To account for the changes in incident management procedures and policies over 
time, the temporal stability of the models also has to be evaluated through periodic 
recalibration of models, for up-to-date knowledge about the system.  
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 MODEL DEVELOPMENT 
Hazard-based duration models investigate the likelihood of an incident ending 
in the next short period of time given that it has lasted as long as it has (Nam & 
Mannering, 2000). The significance of the application of hazard models is that, the 
probability of an incident ending might be dependent on the time length it has lasted 
so far which is referred to as ‘duration dependence’ and hazard functions provide 
direct information on this dependence (Nam & Mannering, 2000). Assuming that 
incident duration is a continuous random variable T that has a probability density 
function f(t) and a cumulative distribution function F(t), we will have: 
𝐹(𝑡) = 𝑃𝑟(𝑇 < 𝑡) = 1 − 𝑃𝑟(𝑇 ≥ 𝑡) = 1 − 𝑆(𝑡)                                         (3-1) 
F(t), also known as the failure function, represents the probability of an incident 
ending before elapsed time t whereas the survival function S(t) represents the 
probability of the incident ending after elapsed time t. 
The hazard function h(t) at time t then gives the instantaneous probability of the 
duration ending between time t and t+Δt, given that it has lasted until time t 
(Washington et al., 2010). 
Figure 3.3-1- Methodological Framework and its Applications 
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ℎ(𝑡) =  
𝑓(𝑡)
[1 − 𝐹(𝑡)]
=
𝑓(𝑡)
𝑆(𝑡)
= lim
𝛥𝑡→0
Pr (𝑡 + 𝛥𝑡 ≥ 𝑇 ≥ 𝑡|𝑇 ≥ 𝑡)
𝛥𝑡
                          (3 − 2) 
 
The duration dependence is reflected from this equation as follows: 
For 
dℎ(𝑡)
d𝑡
> 0 at t, the duration is said to have positive dependence meaning that 
the probability of the incident ending soon increases as the duration lasts longer and 
for  
dℎ(𝑡)
d𝑡
< 0 at t the duration is said to have negative dependence meaning that the 
probability of the incident ending soon decreases as incident lasts longer and finally a 
dℎ(𝑡)
d𝑡
= 0 reflects the independence of the probability of incident ending soon and the 
length of time it has lasted. 
Besides duration dependence, hazard-based duration models can account for the 
effect of covariates (in this context the crash characteristics) on probabilities 
(Washington et al., 2010). As an example in the context of this research, covariates 
like time of day, severity of incident, injuries etc. are expected to influence the crash 
duration. 
 Proportional Hazard (PH) and AFT models are two alternate common methods 
to account for the influence of covariates (Washington et al., 2010). 
In order to model the crash characteristics and their impact on the duration, PH 
models assume that ℎ(𝑡|𝑋) (which is the hazard function conditional on the crash 
characteristics) is defined as the multiplication of a baseline 
hazard(ℎ0(𝑡): 𝑡ℎ𝑒 ℎ𝑎𝑧𝑎𝑟𝑑 𝑎𝑡 𝛽𝑋 = 0) and 𝑒𝑥𝑝 (𝛽𝑋), where X is a vector of crash 
characteristics (explanatory variables) and β is a vector of estimable parameters. 
ℎ(𝑡|𝑋) = ℎ0(𝑡)𝑒𝑥 𝑝(𝛽𝑋)                                                                                   (3 − 3) 
In other words, in PH models, the covariates act multiplicatively on the baseline 
hazard function (Washington et al., 2010). The baseline hazard function ℎ0(𝑡) is the 
hazard of the duration ending at time t for an individual whose all explanatory 
variables are equal to zero (Collett, 1994). In parametric hazard models, different 
parametric assumptions on the baseline hazard function(ℎ0(𝑡)) can be made. The 
common parametric distributions of exponential, Weibull, log-logistic, lognormal, 
 38 3 Motorway Crash Duration Models 
generalized Gamma and generalized F have been widely implemented in the context 
of incident duration modelling. 
The second common approach is the use of AFT models in which the covariates 
are assumed to rescale (accelerate) time directly in a baseline hazard function, and thus 
the conditional survival and hazard functions have the following forms (Washington 
et al., 2010): 
𝑆(𝑡|𝑋) =  𝑆0[𝑡 𝑒𝑥𝑝(𝛽𝑋)]                                                                              (3-4) 
ℎ(𝑡|𝑋) = ℎ0[𝑡 𝑒𝑥𝑝(𝛽𝑋)]𝑒𝑥𝑝 (𝛽𝑋)                                                               (3-5) 
where 𝑆0(𝑡) and ℎ0(𝑡) are the baseline survival and hazard functions. In the AFT 
structures, a log-linear model is adopted for the random variable associated with the 
survival time of the 𝑖𝑡ℎ individual (𝑇𝑖) (Collett, 1994): 
𝑙𝑛(𝑇𝑖) =  𝛽𝑋𝑖 + 𝜀                                                                                          (3-6) 
Where β is a vector of estimable parameters and 𝜀 is an error term. Depending 
on the distribution specified for 𝜀, different models will be obtained. 
Based on the probability density functions and the cumulative distribution 
functions of these parametric distributions, the following hazard functions are 
specified (Nam & Mannering, 2000; Washington et al., 2010): 
 Exponential Model: 
 ℎ(𝑡) =  𝜆; where 𝜆 > 0                                                                                (3-7) 
The hazard function of exponential model implies that the probability of the 
incident ending soon is independent of the duration it has lasted so far. This function 
can be simply interpreted but has the restriction of duration independence. 
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Weibull Model: 
ℎ(𝑡) =  𝜆𝑝(𝜆𝑡)𝑝−1; where 𝜆 > 0 , 𝑝 > 0                                                     (3-8) 
In these equations, λ is the location parameter and p is the scale parameter. 
Weibull distribution is a generalization of the exponential distribution and provides 
more flexibility to capture the duration dependence. In Weibull hazard function a 𝑝 >
1 shows a monotone positive duration dependence, 𝑝 < 1 a monotone negative 
duration dependence and a 𝑝 = 1 shows duration independence (Weibull distribution 
with p=1 is an equivalent of an exponential distribution). This monotonicity is a 
restriction of Weibull hazards. 
Lognormal and Log-logistic Models: 
Lognormal Distribution: ℎ(𝑡) =  
𝜙(−𝑝𝐿𝑜𝑔(𝜆𝑡))
𝜏[−𝑝𝐿𝑜𝑔(𝜆𝑡)]
                                             (3-9) 
Log-logistic Distribution: ℎ(𝑡) =  
𝜆𝑝(𝜆𝑡)𝑝−1
[1+(𝜆𝑡)𝑝]
; where 𝜆 > 0, 𝑝 > 0              (3-10) 
In these equations 𝜙(. ) is the standard probability density function and 𝜏(. ) is 
the standard normal cumulative distribution function. Lognormal and log-logistic 
distributions relax the aforementioned monotonicity restriction of Weibull 
distribution. 
Generalized Gamma and Generalized F Models: 
In the case of generalized Gamma and generalized F models, the survival and 
hazard functions do not exist in closed form (Greene, 2012). These two models are 
related in that the generalized F model can be interpreted as a Gamma model with 
latent Gamma distributed heterogeneity (Lancaster, 1990). 
Generalized Gamma distribution encompasses exponential, Weibull, lognormal 
and Gamma distributions; whereas generalized F distribution nests the broader 
spectrum of exponential, Weibull, log-normal, log-logistic and generalized Gamma 
distributions.  
The probability density functions of these two distributions are of the following 
forms: 
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Generalized Gamma distribution: 
𝑓(𝑡) =  
(𝜆𝑝)(𝜆𝑡)𝑝𝜃−1
𝛤(𝜃)
𝑒𝑥𝑝 (−(𝜆𝑡)𝑝)                                                               (3-11) 
where Γ represents the Gamma function. In the generalized Gamma model, 
simultaneous estimation of the parameter θ with the other model parameters is not an 
easy task and thus, θ can be initially set to a fixed value.  The generalized Gamma 
distribution has the advantage of including all common types of hazard function i.e. 
monotonically increasing and decreasing, bathtub and arc-shaped hazards (Cox et al., 
2007). 
Generalized F distribution: 
𝑓(𝑡) = [
(𝜆𝑝)(𝜆𝑡)𝑝−1
𝛽(𝑀1,𝑀2)
] [𝐾(𝑡)]𝑀1{1 + [𝐾(𝑡)]}−(𝑀1+𝑀2)                                  (3-12) 
where 𝐾(𝑡) = (
𝑀1
𝑀2
) (𝜆𝑡)𝑝 and β represents the beta function such that 
𝛽(𝑀1,𝑀2) =  𝛤(𝑀1)𝛤(𝑀2)/𝛤(𝑀1 + 𝑀2). The resultant distribution will have 2M1 
and 2M2 degrees of freedom. 
The generalized F hazard function can merely be decreasing or arc-shaped, 
except for the special case of generalized Gamma encompassed within the generalized 
F family. However, including a broad range of parametric distributions, this family 
offers additional flexibility for parametric modelling that may allow improved fits to 
survival data (Cox, 2008). 
 
Heterogeneity:  
In the formulation of hazard-based models, there is an implicit assumption made 
that the hazard function is homogeneous across observations and thus all the variation 
in durations is assumed to be captured by the covariate vector X. However, there might 
be some unobserved factors (not included in X) to influence durations. This 
phenomenon is called unobserved heterogeneity and might result in erroneous 
interpretations of models (Washington et al., 2010).  
In fully parametric models, there are two possible approaches of addressing the 
heterogeneity issue. A very common approach is assuming the values of β to be fixed 
for all observations (fixed parameter models) and introducing a heterogeneity term, ω, 
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into the baseline hazard function to capture unobserved effects across the population 
and to work with the resulting conditional hazard function. The most common 
parametric assumption for ω is a Gamma distribution with mean 1 and variance θ.  
The corresponding hazard function to the Weibull distribution with Gamma 
heterogeneity will be formulated as: 
ℎ(𝑡) =  
(𝜆𝑝)(𝜆𝑡)𝑝−1
1+𝜃(𝜆𝑡)𝑝
                                                                                        (3-13) 
Fixed parameter models are estimable by standard maximum likelihood 
methods. 
Another possible approach in addressing heterogeneity is to allow the β values 
to vary across observations according to some pre-specified distributions (e.g. normal 
distribution in this study) (Greene, 2012; Washington et al., 2010). This approach will 
lead to random parameter models. In random parameter models a randomly distributed 
term will be added to equation (3-4) as follows: 
𝛽𝑛 = β + 𝜔𝑛                                                                                                 (3-14) 
Where 𝛽𝑛 is a vector of coefficients and varies across observations according to 
𝜔𝑛 , which is a randomly distributed term (e.g. normally distributed term with mean 
zero and variance 𝜎2) (Greene, 2012; Washington et al., 2010). Due to the difficulty 
associated with standard maximum likelihood computation, these random parameter 
models are estimated by a simulated maximum likelihood method using 200 Halton 
draws (Anastasopoulos et al., 2011).  
It needs to be pointed out that the random parameter structure has not been 
defined for generalized Gamma and generalized F parametric AFT models. 
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 DATA DESCRIPTION  
The dataset to this study is obtained from the STREAMS Incident Management 
System (SIMS) at Queensland Department of Transport and Main Roads.  
Data on a variety of incidents from crashes to reported hazards and stationary 
vehicles is available from the SIMS database; however this study focuses on the 
motorway crashes recorded in SIMS.  
In the preliminary analysis of the crash records, two main Southeast Queensland 
(SEQ) motorways, namely Pacific Motorway and Gateway Motorway, which 
constitute more than 60% of the total motorway length in SEQ, were closely studied. 
Due to large geographical coverage, these two motorways exhibited highest crash rates 
in year 2013 and thus one year of crash data from these two motorways provided 
sufficient sample size and variability for this analysis.  
Therefore, motorway 1 in this study refers to Pacific Motorway, which is a major 
transport route along the central east coast of Australia. Connecting Queensland and 
New South Wales, Pacific Motorway is one of the busiest Australian motorways. As 
at November 2014, more than 70% of this road is either motorway or dual carriageway 
and the remaining part is estimated to be upgraded to dual carriageway by 2019 
(Pacific Highway Upgrade, 2014). 
Motorway 2 in the present study refers to Gateway Motorway, a mostly tolled 
motorway in Brisbane, which plays a critical role in providing access to the Port of 
Brisbane, Brisbane Airport and Brisbane Entertainment Centre. The following figure 
demonstrates parts of these two major motorways in Queensland. 
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Figure 3.5-1- Motorways under Study (Source: Google Maps) 
The analysis in this research has been done using the duration information of 
677 crashes on the aforementioned motorways during the full year 2013. The 
convergence of different parametric models developed on this sample size, as well as 
the stability of parameter signs over different parametric structures, guarantees the 
adequacy of the sample size for this analysis. Thus, despite covering only one year, 
the sample size is adequate for the purpose of the study. 
 For every recorded crash the crash-specific characteristics such as the number 
and type of vehicles involved, number of blocked lanes, injuries, fatalities5, damages 
to the infrastructure; spatiotemporal characteristics such as location of the crash, its 
                                                 
 
5 Excluded from this study due to the very limited number of available instances 
 44 3 Motorway Crash Duration Models 
start and end time, time of day and day of week, month and year, operational 
information such as the need for diversions and the attendance of EMS (Event Medical 
Services), QPS (Queensland Police Service), Roadtek (a provider of transport 
infrastructure services), transfers to hospital and the need for towing etc. are available 
from SIMS. However, the variables with significant impact on the duration will be 
identified during the modelling process.  
Table 3.5-1 represents the descriptive statistics of the potential explanatory 
variables of duration. The mean and standard deviation values in this table can provide 
some preliminary insight into how the duration varies over different categories within 
the variables. It is evident from these statistics how, for example, the diversion 
requirement can increase the average duration from 41 to 136 minutes and also lead 
to an increase in the standard deviation of the category; implying a higher variability 
in duration among the diverted crash category.  
The same type of information can be obtained from Table 3.5-1 for the rest of 
the potential variables as well. 
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Table 3.5-1- Descriptive Statistics of Variables Impact on Crash Duration 
Variable Name Variable Description 
Crash Duration 
Mean (minutes) 
Standard Deviation 
(minute) 
Day of Week 
1=Monday 
48.90 
 
46.34 
 
2=Tuesday 
47.19 
 
83.20 
 
3=Wednesday 
40.58 
 
30.56 
 
4=Thursday 
36.04 
 
30.97 
 
5=Friday 
39.44 
 
27.86 
 
6=Saturday 
47.77 
 
45.04 
 
7=Sunday 
50.80 
 
44.60 
 
Time of Day 
1=Morning Peak (7:00-
9:00) 
37.14 
 
28.43 
 
2= Afternoon Peak (16-
18) 
36.61 
 
22.96 
 
3=Evening (18:00-7:00) 
49.68 
 
44.22 
 
4= Off-Peak (9:00-
16:00) 
43.44 
 
56.67 
 
Single/Multi Vehicle 
Crash 
Multi-Vehicle = 0 
39.62 
 
29.64 
 
Single-Vehicle = 1 
56.26 
 
54.89 
 
Motorway 1/2 
Motorway 2 = 0 
53.12 
 
46.25 
 
Motorway 1 = 1 
39.69 
 
45.41 
 
Heavy Vehicle 
Involvement* 
Yes=1 
67.67 
 
65.16 
 
No=0 
40.85 
 
42.85 
 
Injuries 
Yes=1 
62.41 
 
40.93 
 
No=0 
39.68 
 
46.04 
 
Transfer to Hospital 
Yes=1 
64.67 
 
46.57 
 
No=0 
40.57 
 
45.22 
 
Diversion Required 
Yes=1 
136.60 
 
100.93 
 
No=0 
41.23 
 
41.78 
 
Attendance of Roadtek 
Yes=1 
86.75 
 
60.69 
 
     No=0 
42.02 
 
44.87 
 
Towing Required 
Yes=1 
47.18 
 
42.81 
 
No=0 
42.65 
 
46.55 
 
Queensland Police 
Service (QPS) Attendance 
Yes=1 
57.34 
 
45.52 
 
No=0 
38.12 
 
45.11 
 
Emergency Medical 
Services (EMS) Attendance 
Yes=1 
63.47 
 
32.22 
 
No=0 
41.10 
 
46.76 
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 MODELLING RESULTS AND DISCUSSION 
Having identified the potential determinants and the appropriate model 
structure, the following paragraphs will present and discuss the modelling results. 
 
3.6.1 Model Results 
Seven different parametric AFT models, with both fixed and random 
parameters, have been fitted to the motorway crash dataset and presented in 
Table 3.6.1-1. In the parsimonious model of each model type, all variables are 
statistically significant at a 95% confidence level. As per the log-linear assumption of 
AFT models, the dependent variable of the AFT models is the natural logarithm of the 
crash duration. The best-fit model for the duration data of this study was identified by 
the Akaike Information Criterion (AIC). Akaike Information Criterion is generally 
used to compare the goodness of fit of different models fitted to the same dataset. The 
less the value of AIC is, the better the fit of the model will be. AIC is calculated as:  
𝐴𝐼𝐶 =  2𝑘 − 2𝐿𝐿(𝛽)  (3-15)                                                                                                             
where k is the number of model parameters and LL(β) is the natural logarithm of the 
maximized likelihood of the model subject to β (a vector of estimated coefficients). 
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Table 3.6.1-1-AFT Models Results*- Estimated parameters followed by t-statistics in parentheses 
 Fixed Parameter Models Random Parameter Models 
Independent 
Variables 
Log-logistic Weibull 
Weibull with 
Gamma 
Heterogeneity 
Generalized 
Gamma 
Generalized 
F 
Log-logistic 
Standard 
Deviation** 
Weibull 
Standard 
Deviation** 
Constant 3.53 (54.7) 3.48 (72.38) 3.613 (53.82) 3.0 (13.6) 3.69 (60.49) 3.38(80.85) 0.492 (13.0) 3.68 (74.0)  
Thursday -0.259 (-3.5) -0.215 (-3.11) -0.202 (-2.93) -0.19 (-2.45) -0.18 (-2.94) -0.204 (-4.45)  -0.242 (-4.3) 0.534 (9.53) 
Sunday     0.199 (2.15) 0.201 (3.06)  0.176 (2.11) 0.136 (1.98) 
Single-Vehicle      0.268 (5.73) 0.267 (6.07) 0.168 (2.96) 0.272 (5.85) 
Transfer  0.277 (2.17)  0.24 (1.98)  0.203 (2.29) 0.486 (7.35) 0.593 (10.4) 0.231 (2.77) 0.224 (3.03) 
Diversion 0.694 (3.74) 0.824 (3.28) 0.772 (4.40) 1.04 (4.77) 0.83 (5.39) 0.475 (3.67)  0.54 (3.73)  
Roadtek 0.415 (2.17) 0.47 (2.15) 0.39 (2.22)  0.333 (2.32) 0.440 (3.74) 0.361 (3.26) 0.362 (2.72)  
Tow  0.244 (2.93)    0.233 (4.88)  0.196 (3.48)  
Motorway 1 -0.244 (-3.6)  -0.206 (-3.15) -0.218 (-3.0) -0.195 (-3.5) -0.272 (-6.59) 0.64 (27.77) -0.211 (-4.2) 0.19 (6.48) 
Evening 0.162 (2.56) 0.257 (4.04) 0.188 (3.11) 0.197 (3.15) 0.177 (3.46) 0.151 (3.93)  0.164 (3.47) 0.125 (2.82) 
Injury 0.446 (3.90) 0.622 (4.11) 0.367 (3.30) 0.425 (3.30) 0.322 (4.10) 0.311 (5.33)  0.314 (4.33)  
Heavy Vehicle  0.339 (2.99) 0.222 (2.30)  0.217 (2.58) 0.240 (3.95) 0.128 (2.24) 0.238 (3.24) 0.409 (5.74) 
Theta (θ)   0.43 (7.55) 2.0*** (7.2)      
Sigma (𝜎 =
1
𝑝
) 0.419 (33.4) 0.78 (63.02) 0.509 (23.50) 1.07 (17.38) 0.135 (2.50) 0.247 (31.06)  0.4946 (33.34)  
M1     0.195 (2.29)     
M2     0.386 (2.18)     
          
p 2.38 1.27        1.96 .93279 7.41      4.04  2.0217  
LL(i) -931.515 -901.94 -886.547 -908.983 -928.276 -830.682  -760.48  
LL(β) -778.283 -838.88 -760.791 -803.07 -745.3 -685.711  -655.46  
Sample Size 677 677 677 677 677 677  677  
Number of Model 
Covariates 
9 9 11 7 13 13  13  
AIC 1574.6 1695.8 1543.6 1620.1 1516.6 1439.4  1392.9  
 
*The dependent variable in these models is the natural logarithm of crash duration. 
**Standard deviation of the normally distributed parameter 𝜔𝑛 
***In the generalized Gamma model, Theta (θ) has been set to θ =2. 
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As discussed in section 3.4, the generalized F distribution nests the other 
parametric distributions presented in Table 3.6.1-1 and is as well a more flexible model 
that may allow an improved fit to the data. In the present study, the generalized F 
model returns the least value of AIC among the fixed parameter models developed in 
Table 3.6.1-1, indicating a more appropriate fit to the data. This is also consistent with 
the results of a recent study by Ghosh et al. (2014) that found the generalized F model 
to be the most appropriate fixed parameter model for motorway incident clearance 
times. 
However, as reported in Table 3.6.1-1, the Weibull AFT model structure with 
random parameters indicates an even better fit to the data, having the lowest overall 
AIC value. The selected Weibull random parameter model also has the advantage of 
capturing the unobserved heterogeneities in the impact of explanatory variables on 
crash duration. In this model, the means and the standard deviations of the random 
parameters involved can be used to estimate the probability of the associated variables 
having a positive or negative impact on the duration.  
The random parameters in this model are normally distributed and the mean and 
standard deviation of each random parameter represent the mean and standard 
deviation of the associated normal distribution. Accordingly, as an example, the 
probability of a variable like Thursday having a positive impact on duration is 
computed to be 0.33 whereas the probability of the same variable having a negative 
impact on the duration is 0.67, suggesting that crashes are more likely to have shorter 
durations on Thursdays. This finding is also in line with the fixed parameter models 
in Table 3.6.1-1, where this variable has exhibited a negative sign. The variable 
motorway 1, which is of importance in the upcoming analysis of differential effects of 
explanatory variables, also exhibits a negative sign with a probability of 0.87 and a 
positive sign with a probability of 0.13. 
On the contrary, for another variable like evening, the impact is positive with a 
probability of 0.905 and negative with a probability of 0.095.  
The same analysis can be held for all the seven random parameters in the 
selected model. 
These probabilities also highlight the capability of random parameter models in 
providing more precise insight into survival modelling. 
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The value of the scale parameter (𝑝 =  2.0217) in the selected Weibull model 
as well, indicates a monotone positive duration dependence of the hazard function. 
The signs and magnitudes of the estimated parameters (β) in an AFT model 
provide quantitative information on the impact of the associated variables on the total 
crash duration. 
Due to the log-linear structure of AFT models, the exponent of each parameter 
minus one,  times 100, determines the percentage of change in the duration due to 
either unit changes in the associated variable (for continuous independent variables) 
or the inclusion of the variable in the model (for binary variables, meaning a change 
from zero to one) (Jenkins, 2005).  
The mean values of random parameters in the selected model have been used to 
calculate the percentage of change in the duration due to unit or categorical changes 
in the determinants. 
Among all days of each week, Sunday and Thursday indicated significantly 
different durations compared to other days, such that crashes have 19.25% longer 
durations on Sundays (as (𝑒0.176 − 1) ∗ 100 = 19.25%) and 21.5% shorter durations 
on Thursdays (as (𝑒−0.242 − 1) ∗ 100 = −21.5%). 
In comparison with the morning and afternoon peaks and the off-peak period, 
evening period showed 17.8% longer durations.  
The variable that causes the largest change in the duration of crashes has been 
identified to be the requirement of diversion. Diversion is normally required in case 
of a high extent of closure incurred on a road; which leads to 71.57% increase in the 
durations. Results of previous similar studies (Tavassoli Hojati et al., 2013) also 
highlight the significant impact of this variable of motorway crash durations. It should 
be pointed out that diversion requirement is decided upon by the Traffic Response 
Unit team members, based on the severity of incidents and the adjacent traffic 
conditions and is therefore exogenous with respect to crash duration in these models. 
The damage to the road infrastructure is also captured in the variable ‘Roadtek’ and 
the attendance of Roadtek is demonstrated to increase the duration by 43.6%. The 
occurrence of injuries also leads to 37% longer durations and if the injured people 
need transfer to the hospital the duration will increase by a further 26%.  Crashes 
involving heavy vehicles are shown to experience durations 27% longer than the ones 
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involving standard vehicles. Towing operation has a positive impact on the duration 
as well such that if the vehicles involved need to be towed the duration will be 21.6% 
longer.  
Single-vehicle crashes showed more than 18% longer durations compared to the 
multiple-vehicle ones. This can be due to the fact that the majority of the reported 
single-vehicle crashes in the dataset have either involved an event of roll-over or a 
collision with the infrastructure, i.e. the road guardrail, barriers, fences or poles. In 
other words, the variable single-vehicle incorporates the impact of roll-overs and 
collisions with the infrastructure as well. Besides, as already discussed, the variable 
‘Roadtek’ captures the more severe infrastructure damages where the attendance of 
the maintenance authority has been necessary. 
 Interestingly, crashes showed 19% shorter durations on Motorway 1 compared 
to Motorway 2; which necessitates the investigation of the need for the recalibration 
of such AFT models for different geographical locations following the same 
methodological framework presented in Figure 3.3-1. The above-mentioned results 
are also graphically summarized in Figure 3.6.1-1.  
 
Figure 3.6.1-1- Percentage of Change in the Motorway Crash Duration Incurred 
by Model Covariates 
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3.6.2 Differential Effects of Explanatory Variables 
The other very in-depth type of information obtained from the AFT structure is 
the actual impact of covariates on the survival function S(t), i.e. on the probability of 
crash lasting after time t. For this purpose, the survival curves have been calculated 
using the model’s estimated parameters. Haque and Washington (2014) and Haque 
and Washington (2015) have also utilized survival curves in their studies on the 
performances of mobile phone distracted drivers. They have used survival curves to 
investigate the duration of the reaction times of drivers distracted by mobile phone 
conversation; whereas we have implemented the survival curves analysis to 
investigate the differential impacts of different variables on freeway crash durations 
on two different motorways. However, the mathematical equations used to calculate 
survival values (equations 3-16 and 3-17) are universal and hold for every Weibull 
AFT model. Thus the transferability of the model structure is guaranteed. 
The survival function values have been calculated for the mean values of the 
random parameters of the selected Weibull AFT model. The baseline survival function 
for Weibull duration models is of the form: 
𝑆(𝑡) = 𝑒𝑥𝑝 (−𝜆𝑡𝑝)                                                                                     (3-16) 
where λ and 𝑝 are respectively known as the location and scale parameters 
(Washington et al., 2010). For the AFT Weibull models, λ has the following form: 
𝜆 = 𝑒𝑥𝑝(−𝑝(𝛽𝑋))                                                                                       (3-17) 
Accordingly, to examine the impact of a categorical independent variable 𝑥𝑖 on 
the survival function, its corresponding estimated parameter 𝛽i will be considered in 
λ and all the other variables will be kept at their reference categories; if categorical; 
and at their mean values if continuous (Haque & Washington, 2014). The reference 
category (or baseline conditions) in this study is considered to be a multi-vehicle crash 
that does not involve diversion, towing, injuries, transfers to hospital, attendance of 
‘Roadtek’, and does not occur on a Thursday or Sunday or during the evening period. 
In other words, the reference category is specified by setting all the categorical model 
variables to zero. The obtained survival curves for each variable 𝑥𝑖  will then be 
compared to the survival curve of the reference category (baseline conditions). 
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In this study, the survival curves, which reflect the impact of each significant 
explanatory variable on the survival function, have been plotted for motorways 1 and 
2 individually. In the survival function calculations, the parameter (𝛽𝑃𝑎𝑐𝑖𝑓𝑖𝑐 = -0.211) 
will be included in λ, to indicate motorway 1 and excluded to indicate motorway 2. 
As an example, the survival function under the impact of diversion on motorway 
1 at t=1, t=30, t=60 and t=90 minutes after the occurrence of the crash can be 
respectively calculated according to equations 3-16 and 3-17, as follows: 
𝑆(𝑡 = 1) = 𝑒𝑥𝑝 [−{𝑒𝑥𝑝(−2.0217 ∗ (3.68 + 0.54 − 0.211))} ∗ (1)2.0217] = 0.99 
𝑆(𝑡 = 30) = 𝑒𝑥𝑝 [−{𝑒𝑥𝑝(−2.0217 ∗ (3.68 + 0.54 − 0.211))} ∗ (30)2.0217] = 0.75 
𝑆(𝑡 = 60) = 𝑒𝑥𝑝 [−{𝑒𝑥𝑝(−2.0217 ∗ (3.68 + 0.54 − 0.211))} ∗ (60)2.0217] = 0.30 
𝑆(𝑡 = 90) = 𝑒𝑥𝑝 [−{𝑒𝑥𝑝(−2.0217 ∗ (3.68 + 0.54 − 0.211))} ∗ (90)2.0217] = 0.07 
 
3.6.2.1 Effects of Diversion Requirement on Duration 
According to the explanations above, Figure 3.6.2.1-1 illustrates the 
probabilities of a crash lasting after t minutes from the start (crash survival 
probabilities), under the baseline and diversion conditions. 
 
Figure 3.6.2.1-1- Survival Curves of Motorway Crash Duration under the 
Baseline and Diversion Conditions 
As depicted in Figure 3.6.2.1-1-a, on motorway 1 and under baseline conditions, 
the probability of a crash lasting after 70 minutes is very close to zero whereas under 
the diversion conditions, it can take more than 120 minutes for this probability to 
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approach zero. This difference implies a deterioration of almost 50 minutes due to 
diversion. Under the diversion conditions on motorway 1 there is a 20% probability 
for a crash to last longer than 70 minutes. 
On motorway 2, the durations have been shown to last longer than motorway 1 
generally, as also confirmed by Figure 3.6.2.1-1-a and Figure 3.6.2.1-1-b. Thus, the 
survival function under the baseline scenario on motorway 2 approaches zero at 
around t=90 minutes of duration. This value increases to up to 150 minutes under the 
diversion conditions, implying a larger deterioration (60 minutes) due to diversions on 
motorway 2 compared to motorway 1.  
The resultant survival curves can serve as a valuable input to ITM frameworks; 
as they can be efficiently utilized to determine the planning horizon for traffic 
diversion/re-routing frameworks, in cases where the diversion of affected traffic to 
alternate routes is required. An example of such application has been introduced in 
Chapter 4.  
 
3.6.2.2 Effects of Injury Types on Duration 
Similar to the previous section, Figure 3.6.2.2-1 depicts the impact of two 
possible types of injuries during the course of a crash. The first category, shown by 
the solid curves, represent the injuries that do not require the transfer of injured 
individuals to the hospital; whereas the dashed curves represent the simultaneous 
impact of the occurrence of injuries and the transfer of injured individuals to the 
hospital, for more severe injuries. 
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Figure 3.6.2.2-1- Survival Curves of Motorway Crash Duration under the 
Baseline, Injury and Injury plus Transfer Conditions 
On motorway 1; as previously discussed, the probability of a crash lasting more 
than 70 minutes is almost zero under the baseline conditions, whereas; it takes more 
than 100 minutes for this probability to reach zero under the injury conditions and 
more than 120 minutes under injury plus transfer conditions. Under the injury 
conditions, there is still an 8% probability that the crash will last longer than 70 
minutes and this probability reaches 20% if transfer is also required. Consequently the 
injuries that require transfer to hospital lead to a deterioration of almost 50 minutes on 
motorway 1. 
On motorway 2, the simultaneous impact of injuries and transfers is even more 
intense, leading to a probability of 35% for a crash to last longer than 70 minutes. 
Under the baseline scenario of motorway 2, the probability of a crash surviving 
approaches zero after 90 minutes, whereas; there is still an 18% chance for the crash 
to survive longer than 90 minutes under the simultaneous impact of injuries and 
transfers. The survival probability under the latter conditions approaches zero only 
after 150 minutes on motorway 2, implying a deterioration of almost 60 minutes from 
the baseline conditions, which is higher than the deterioration on motorway 1. 
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3.6.2.3 Effects of Towing and Attendance of Infrastructure Support Team on 
Duration 
In this study, towing requirement and the attendance of Roadtek due to the 
infrastructural damages exhibited significant impact on durations. Figure 3.6.2.3-1 is 
an illustration of the survival probabilities under the impact of towing and the 
attendance of Roadtek. The variable towing indicates the need for the involved 
vehicles to be towed from the crash scene and the variable Rtek indicates some kind 
of damage to the infrastructure due to the crash that has necessitated the attendance of 
Roadtek for maintenance. The simultaneous consideration of these variables 
represents the cases where the damage to both the involved vehicles and infrastructure 
has been considerable enough to require both towing and the attendance of Roadtek.  
 
Figure 3.6.2.3-1- Survival Curves of Motorway Crash Duration under the 
Baseline, Rtek, Tow and Rtek plus Tow Conditions 
On motorway 1 the deterioration from the baseline is almost 20 minutes for 
towing, 30 minutes for Rtek and 52 minutes for the simultaneous impact of towing 
and Rtek. The towing and Rtek requirements increase the survival probability at t=70 
minutes to 4% and 10% respectively, whereas; the attendance of Rtek plus towing 
increase this survival probability to 21%. Hence; the simultaneous impact of these 
variables on the survival probability at t=70 is multiplicative rather than cumulative. 
This property originates in the log-linear structure of AFT models. 
On motorway 1, the probability of a crash surviving after 90 minutes is less than 
8% even in the case of Rtek plus towing whereas; on motorway 2, this probability is 
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more than 18% in the case of Rtek plus towing. On motorway 2, under the 
simultaneous impact of towing and Rtek, the survival probability approaches zero only 
after 150 minutes, implying a deterioration of more than 60 minutes from the baseline 
conditions. 
 
3.6.2.4 Effects of Crash Types on Duration 
As found from the estimated model parameters, single-vehicle crashes have 
longer durations compared to multiple-vehicle crashes; since the former type also 
includes the occurrence of roll-overs or collisions with the infrastructure. The 
involvement of heavy vehicles as well, is shown to increase the crash durations. To 
observe their differential effects along two motorways, survival curves, visualizing the 
impact of crash type (multiple-vehicle/ single-vehicle) and the involvement of heavy 
vehicles on crash survival functions, have been plotted in Figure 3.6.2.4-1. As 
previously mentioned, the reference category in this study is considered to be a 
multiple-vehicle type of crash and thus the multiple-vehicle crashes are represented 
by the baseline survival curve. 
Interestingly, on both motorways 1 and 2, the survival curves corresponding to 
single-vehicle crashes and multiple-vehicle crashes involving heavy vehicles fall close 
to each other. However; the single-vehicle crashes in which the vehicle involved has 
been a heavy vehicle, have demonstrated higher survival function values, so that the 
probability of these crashes lasting more than 70 minutes is more than 12% on 
motorway 1 and more than 25% on motorway 2. 
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Figure 3.6.2.4-1-Survival Curves of Motorway Crash Duration under the 
Baseline (Multiple-Vehicle), Single-Vehicle, Single-Heavy-Vehicle and Multiple-
vehicle plus Heavy-Vehicle Conditions 
The extent of deterioration from the baseline scenario to the other three scenarios 
is higher on motorway 2 compared to motorway 1, alike the previous figures.  
As demonstrated by the analysis results, the differential effects of determinants 
on crash survival probabilities vary considerably across the motorways under study. 
This valuable information; which is commonly overlooked in the relevant literature; 
can be utilized to assist incident management systems in developing more efficient 
resource and crew allocation strategies along different motorways and different crash 
characteristics. 
Moreover, the estimated AFT model parameters together with the survival 
curves provide basis for the identification of the inefficiencies in the incident 
management procedures with respect to different incident characteristics and temporal 
and spatial specifications. Once the shortcomings are identified, the system can be 
improved and re-evaluated using the same framework. 
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 CHAPTER CONCLUSIONS AND FUTURE RESEARCH 
This chapter studied and modelled motorway crash duration based on a dataset 
obtained from two main South East Queensland motorways, Pacific and Gateway 
Motorways (motorways 1 and 2 respectively). The dataset contained information on 
the duration of 677 crashes on the aforementioned motorways during the full year 
2013; together with a variety of crash-specific characteristics and the associated 
temporal and spatial specifications. Accelerated Failure Time (AFT) models with both 
fixed and random parameters were applied to the dataset. Fixed parameter models 
included the comprehensive spectrum of log-logistic, Weibull, Weibull with Gamma 
heterogeneity, generalized Gamma and generalized F parametric assumptions and 
random parameter models included log-logistic and Weibull parametric assumptions.  
The generalized F model; as a structure that nests many other parametric 
distributions; has been shown to outperform its nested parametric structures in a 
previous relevant research by Ghosh et al. (2014) that modelled freeway incident 
clearance times. The present study however provided further basis for the comparison 
between the goodness of fit of the generalized F model and random parameter models. 
Here as well, the generalized F model exhibited the best fit to the data among the fixed 
parameter models; but was outperformed by the random parameter Weibull AFT 
model.  With the least AIC, the Weibull random parameter model was selected as the 
most appropriate fit to the data.  
A variety of explanatory variables were identified significant in determining the 
duration, among which traffic diversion requirement, attendance of Roadtek due to 
infrastructure damage, injuries, transfers to hospital and involvement of heavy 
vehicles stood out as most significant. The inclusion of variables ‘transfer’ and 
‘Roadtek’ is unique to the present study as the impact of these variables on the duration 
has not been explicitly captured in the available literature.  
It also needs to be mentioned that in the present study; due to data limitations, 
the effects of traffic conditions on the duration have been reflected using the temporal 
variables (time of day and day of week) as well as the motorway on which the crash 
occurs. 
Aiming a more evident and practical demonstration of how every significant 
model variable influences the probability of a crash lasting longer than a certain 
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duration, the Weibull survival functions were precisely calculated using the mean 
values of estimated random parameters. Since motorway 1 exhibited significantly 
shorter durations compared to motorway 2, the survival curves were plotted separately 
for these two motorways. The survival function curves were compared for baseline 
conditions - where all the categorical variables were set to zero - as well as the 
conditions representing each explanatory variable at a time, and additionally, 
conditions indicating the combination of relevant explanatory variables. These 
comparisons provided strong basis for analysing the differential effects of 
determinants on crash duration, i.e. how a single explanatory variable (determinant) 
or the combination of relevant explanatory variables can impact the probability of a 
crash lasting longer than a certain duration. Interestingly, these differential effects 
exhibited different magnitudes on motorways 1 and 2, meaning that crash durations 
and the impact of their associated variables do actually vary across motorways. As 
previously mentioned motorway 2 is a mostly tolled road, operated by a toll road 
operator, whereas motorway 1 is public road operated by the Department of Transport 
and Main Roads (DTMR). The significant difference witnessed in incident durations 
on the two motorways can be partly explained by the different ownerships of the roads 
resulting in different incident response strategies, procedures and resources. The 
infrastructural differences between the two roads also contribute to the duration 
dissimilarities. 
This valuable information can assist incident management systems to better 
utilize their resources along different motorways rather than allocating a uniformly 
distributed amount of resources to all motorways. 
Furthermore, due to the log-linear structure of AFT models, the simultaneous 
presence of a combination of model’s explanatory variables in the survival function 
was demonstrated to have a rather multiplicative than cumulative impact on the 
survival probabilities. 
At a practical level, the econometric models and survival analysis presented in 
this study can provide incident response operators with a tool to assist the decision 
making process for efficient resource and crew allocation across the studied 
motorways and different types of crashes. The selected AFT models and the 
consequent survival analysis can also be used to evaluate the performance of the 
incident management system in response to different types of incidents. At a policy 
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making level, these evaluations can be used to decide upon future interventions in 
response and clearance operations or to introduce new restrictions on the type of 
vehicles allowed on the roads, speed limits etc. The potential impacts of future 
modifications can also be estimated by the help of such models. Furthermore, the 
actual impact of implemented policies can be studied through re-calibration of such 
models once sufficient data becomes available for the before-after analysis. The fixed 
parameter models introduced also allow for real-time crash duration estimation. The 
resultant crash duration estimations can be utilized to determine the planning horizons 
in ITM frameworks, as demonstrated in Chapter 4.  
As a future extension to the present chapter, the proposed generalized modelling 
procedure can be deployed to test the temporal stability of the calibrated AFT models 
over regularly collected incident data.  
Furthermore, applying the same modelling procedure to crashes on arterial roads 
as well, can more comprehensively inform the incident management procedures. 
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SODTA model 
 SUMMARY 
This chapter proposes an analytical Incident Traffic Management (ITM) 
framework for freeway incident modelling and traffic re-routing. The proposed 
framework incorporates an econometric incident duration model and a traffic re-
routing optimization module. The incident duration model is used to estimate the 
expected duration of the incident and thus determine the planning horizon for the re-
routing module. The re-routing module is a CTM-based Single-Destination System 
Optimal Dynamic Traffic Assignment model that generates optimal real-time 
strategies of re-routing freeway traffic to its adjacent arterial network during incidents. 
The proposed framework has been applied to a case study network including a stretch 
of Pacific Motorway (freeway) and its adjacent arterial network in South East 
Queensland, Australia. The results from different scenarios of freeway demand and 
incident blockage extent have been analysed and advantages of the proposed 
framework are demonstrated. 
 INTRODUCTION 
Traffic congestion has lately been a constantly growing concern in many 
metropolitan areas, leading to a large proportion of travel delays and lost commuter 
time, excess fuel consumption, emissions and ultimately monetary losses. Traffic 
incidents6 have been widely acknowledged as the cause of a considerable share of 
travel delays in urban areas (Balke et al., 1991b; Luk et al., 2001; Nam & Mannering, 
2000) and account for 25% to 60% of traffic congestion on freeways (Skabardonis et 
al., 2003; Tavassoli Hojati et al., 2014). Hence developing efficient ITM strategies to 
                                                 
 
6 The term traffic incident refers to all types of events that might lead to an interruption in the regular traffic flow and in turn 
excess congestion, covering a wide range of accidents, road blockages like construction and maintenance activities and vehicle 
breakdowns. 
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attenuate the adverse impacts of incident-induced congestion on traffic networks 
becomes very crucial. ITM is a combination of policies and strategies designed to 
efficiently coordinate the existing resources to restore the traffic flow with the least 
possible cost in terms of vehicle delays (Ozbay & Bartin, 2003). ITM frameworks can 
target quick restoration of traffic flow by means of improving procedures of incident 
detection, verification and validation, clearance and most importantly traffic 
management.   
Managing the impacted traffic is of particular interest in the context of ITM as 
the queue propagation upstream of an incident can lead to substantial delays as well 
as interruption in the response and clearance processes. Despite this significance, little 
has been done to develop systematic frameworks for this purpose and thus, the critical 
task of re-routing the impacted traffic is mostly performed based on an experience 
approach by the response personnel dispatched to the incident scene. However; such 
practice might lead to inefficient flow restoration and merely shift the congestion to 
parallel routes. A recent extensive study by Kabit (2012) has revealed a variety of 
issues with the current incident management practices in the Australian context. The 
analysis of some major incidents debriefing reports in this study draws attention to the 
issue of inefficient traffic re-routing execution by the police and Traffic Response 
Units.  
The private-sector information providers (e.g. Google Maps, Garmin GPS, 
Waze mobile and web applications, etc.) provide drivers with user optimal route 
advice through in-vehicle route guidance systems and smart phone applications; 
whereas the objective of ITM is to reduce the total system travel time, necessitating a 
system optimal view on the problem (Sawaya et al., 2005).  
The aforementioned issues can be addressed using an efficient ITM framework 
for incident traffic re-routing, which takes advantage of the vast existing knowledge 
of Dynamic Traffic Assignment (DTA) and efficient optimization tools; along with 
technologies supporting Advanced Traffic Management Systems (ATMS) and 
Advanced Traveller Information Systems (ATIS). Many empirical studies (Peeta et 
al., 2000; Polydoropoulou et al., 1996) reveal that drivers prefer detailed traffic 
information, and that more detailed information can yield higher diversion rates. Thus 
in order for a re-routing procedure to be efficient, drivers should be provided with 
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detailed information on the location of incident, expected delay and detour 
alternatives. 
To serve this purpose, the present chapter develops a comprehensive ITM 
framework for freeway incident modelling and real-time dynamic re-routing of 
freeway traffic to adjacent arterials. The proposed framework innovatively 
incorporates a calibrated econometric model to estimate freeway incident duration and 
a CTM-based single-destination System Optimal Dynamic Traffic Assignment 
(SODTA) module to compute real-time optimal re-routing strategies(Tajtehranifard et 
al., 2016). The advantage of the proposed re-routing formulation is in accounting for 
the background arterial traffic in the process of computing freeway re-routing 
strategies, and prioritizing the background arterial flows (over the re-routed flows) 
when utilizing the capacity of arterials. Therefore, the proposed formulation can 
widely spread the re-routed traffic on the arterial network to minimize interruptions in 
the background traffic.   
 METHODOLOGICAL FRAMEWORK 
In the present study, a comprehensive ITM framework (Figure 4.3-1) has been 
proposed to ensure efficient traffic re-routing. The proposed framework incorporates 
a freeway incident duration model (developed in Chapter 3) and a real-time optimal 
re-routing (diversion) strategy development module which aims to conserve the 
background arterial traffic. Accounting for the existing background traffic is of 
significant importance because, re-routing the freeway traffic to the arterial network, 
without considering the traffic situations in the background will lead to merely shifting 
the congestion from the freeway to the arterial network, imposing significant delay on 
the arterial traffic. 
Once a freeway incident is reported and the need for traffic re-routing is logged, 
the proposed framework obtains real time information on the characteristics, location, 
extent of blockage and the operational requirements of the incident. Then, it 
accordingly calls the network structure data, strategic demand model and historical 
loop detector data for the freeway and its major parallel arterial network. The network 
structure data such as link and node connections and intersection signal timings are 
required to prepare the input for the re-routing module. The strategic demand model 
is also used to estimate the freeway time-dependent demand during the planning 
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horizon. Historical loop detector data will be utilized to obtain the time-dependent 
background traffic densities and flows, later incorporated in the re-routing module as 
parameters 𝑥′𝑖
𝑡 and 𝑦′𝑖𝑗
𝑡  respectively. 
It is worth pointing out that the framework is not constrained by how the 
alternative arterial network around the incident is decided upon. This considerable 
advantage stems from the fact that the built-in re-routing module accounts for the 
background existing traffic on the links, which guarantees no limitations on how to 
choose the area. 
Once an incident is logged, the incident report data is input into the incident 
duration model which will predict the duration of the incident to determine the 
planning horizon for the single-destination SODTA problem. This is a critical part of 
the framework as determining the planning horizon during all the ITM procedures is 
of significant importance. Once the planning horizon has been determined and the 
network structure and the historical loop detector data are known, the re-routing 
module is executed. This module takes advantage of an efficient linear program, with 
low computational time, to obtain real-time dynamic re-routing strategies around the 
incident. This structure is of improved precision compared to the existing relevant 
literature; as it also accounts for the arterial network signal controls and most 
importantly conserves the existing background traffic flows. 
The output of this framework is a dynamic re-routing strategy that determines 
the exact locations from which traffic has to be re-routed, alternate time-dependent 
paths, exact flow that has to be diverted at each time-interval and the resultant travel 
time and cost savings. As will be demonstrated in the case study, the computational 
time of the re-routing module is in most cases less than one minute on a desktop 
computer with Intel® Core™ i7-3770 CPU @ 3.4GHz on a 64-bit operating system, 
which makes it suitable for real-time applications.  
65 
 
4 The CTM-based Single-Destination SODTA model 65 
 
 
Figure 4.3-1-The Proposed ITM Framework 
4.3.1 The Hazard-Based Freeway Incident Duration Model 
To elaborate on the duration models that can be incorporated in the proposed 
ITM framework, an example of these models calibrated by authors in a previous study 
(Tajtehranifard et al., 2015) and also in Chapter 3 has been presented here. In Chapter 
3, we calibrated AFT models with both fixed and random parameters on one year of 
incident duration data including 677 traffic crash records from two major Australian 
motorways in South East Queensland, namely Pacific and Gateway motorways. 
Pacific motorway is also selected for the case study of the present chapter, as it is a 
major transport route along the central east coast of Australia with highest freeway 
accident rates among South East Queensland motorways. 
The selected model presented in Table 4.3.1-1 is a fixed parameter Generalized 
F AFT hazard-based model which was previously demonstrated as the best-fitting 
fixed parameter model to the data. The expected duration of a freeway accident can 
be estimated using the parameters of this model. As replicated in Table 4.3.1-1, a 
variety of explanatory variables were found significant in modelling the duration using 
the Generalized F distribution.  
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Table 4.3.1-1-Accelerated Failure Time Model for Freeway Accident Duration*- 
Estimated parameters followed by t-statistics in parentheses 
 
Independent Variables Generalized F Model 
Constant 3.69 (60.49)  
Day of Week: Thursday -0.18 (-2.94) 
Day of Week: Sunday 0.199 (2.15) 
Transfer to Hospital 0.203 (2.29) 
Diversion Requirement 0.83 (5.39) 
Attendance of Roadtek  0.333 (2.32) 
Pacific Motorway -0.195 (-3.5) 
Time of Day: Evening 0.177 (3.46) 
Injury 0.322 (4.1) 
Involvement of Heavy Vehicles 0.217 (2.58) 
Sigma 0.135 (2.5) 
M1 0.195 (2.29) 
M2 0.386 (2.18) 
 
LL(i) -928.276 
LL(β) -745.3 
Sample Size 677 
Number of Model Covariates 13 
Akaike Information Criterion 1516.6 
 
*The dependent variable in these models is the natural 
logarithm of crash duration. 
 
 
 
Having estimated the planning horizon, the re-routing module will be activated 
as explained in the next section. 
4.3.2 Mathematical Formulation of the Single-Destination SODTA Problem 
The proposed re-routing formulation is based on the linear program proposed by 
Ziliaskopoulos (2000) which uses the traffic flow propagation rules of the well-known 
cell transmission model (CTM) (Daganzo, 1994, 1995). However, the formulation in 
Ziliaskopoulos (2000) is extended in this study to account for arterial signal control, 
and to conserve the arterial background traffic flows. 
In a cell-based network G(C,H), C is the set of all cells (including source cells 
𝐶𝑅, sink cells 𝐶𝑆), and H is the set of cell connectors. The length of each cell in CTM 
is equal to the distance a vehicle can travel at the free flow speed during one time 
interval of length τ (τ = 30 seconds in this study). The set of discrete time intervals in 
the planning horizon is also represented by T (equal to the estimated incident duration 
here) so that, 𝑇 =  {𝜏, 2𝜏, 3𝜏, … , |𝑇|𝜏}. The number of vehicles in cell i, (𝑖 ∈ 𝐶), during 
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time interval t, (𝑡 ∈ 𝑇), is denoted by 𝑥𝑖
𝑡. In this study, the set of cells C, includes 𝐶𝑂: 
set of ordinary cells, 𝐶𝑅: set of source (origin) cells, 𝐶𝑆 : set of sink (destination) cells 
and 𝐶𝐼: set of intersection movement cells. The cell connectors in CTM (𝑦𝑖𝑗
𝑡 ) indicates 
the flow of traffic from cell i to cell j at time interval t.  
The original CTM formulation (Daganzo, 1994, 1995)  does not explicitly model 
signalized intersections; however, Beard and Ziliaskopoulos (2006) have introduced a 
modified CTM which can model intersection movements . This modified structure has 
also been used in the context of optimal signal control problem (Ukkusuri et al., 2010). 
Here, signalized intersection movements have been modelled in a similar way to the 
studies by Beard and Ziliaskopoulos (2006) and Ukkusuri et al. (2010), in which an 
additional cell has been assigned to each turning movement on each approach at the 
intersection, creating 𝐶𝐼, the set of intersection movement cells. In the aforementioned 
studies (Beard & Ziliaskopoulos, 2006; Ukkusuri et al., 2010), a standard numbering 
scheme has been adopted for intersection cells which has to be customized to be 
applicable to the present study, as Australia is a left-hand driving country. 
A schematic view of the numbering system used in this study has been depicted 
in Figure 4.3.2-1. 
 
Figure 4.3.2-1 Four-Way Intersection Movements Numbering 
 
 
Table 4.3.2-1 represents the notations used for sets, variables and parameters in this 
study.  
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Table 4.3.2-1- Notations for Sets, Variables and Parameters 
 
T set of discrete time intervals 
𝜏 Length of time interval (30 seconds) 
I Set of signalized intersections 
H Set of cell connectors 
C 
set of cells- 𝐶𝑂: set of ordinary cells, 𝐶𝑅: set of source cells, 𝐶𝑆 : set of 
sink (destination) cells, 𝐶𝐼: set of intersection movement cells 
𝒙𝒊
𝒕 
decision variables indicating number of re-routed vehicles in cell i during 
time interval t 
𝒚𝒊𝒋
𝒕  
decision variables indicating number of re-routed vehicles moving from 
cell i to cell j , (𝑖, 𝑗) ∈ 𝐻, during time interval t 
𝑥′𝑖
𝑡 number of background vehicles in cell i during time interval t 
𝑦′𝑖𝑗
𝑡  
number of background vehicles moving from cell i to cell j , (𝑖, 𝑗) ∈ 𝐻, 
during time interval t 
𝑧′𝑖
𝑡 
number of background vehicles passing intersection movement cell i 
during time interval t  
𝑁𝑖
𝑡 jam density of cell i at time interval t 
𝑄𝑖 
maximum number of vehicles that can flow into or out of cell i in one 
time interval (saturation flow) 
𝑞𝑖
𝑡 
maximum number of vehicles that can flow into or out of cell i between 
time intervals t and t+1 
𝑑𝑖
𝑡 demand at cell i at time interval t 
𝛿𝑖 ratio of backward propagation speed to free flow speed, 𝛿𝑖 = 1  ∀ 𝑖  
Γ(i)  Set of successor cells to cell i 
Γ−1(i) Set of predecessor cells to cell i 
𝜅𝑖 green time ratio for intersection movement cell i 
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The proposed mathematical program would be as follows: 
Objective Function: 
𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒 ∑ ∑ 𝑥𝑖
𝑡
∀𝑖𝜖𝐶\𝐶𝑆∀𝑡𝜖𝑇
  (4-1) 
Flow conservation constraints: 
𝑥𝑖
𝑡 −𝑥𝑖
𝑡−1 − ∑ 𝑦𝑘𝑖
𝑡−1
𝑘𝜖𝛤−1(𝑖) + ∑ 𝑦𝑖𝑗
𝑡−1
𝑗𝜖𝛤(𝑖)  = {
𝑑𝑖
𝑡−1, ∀ 𝑖 𝜖 𝐶𝑅
0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 
 
∀ 𝑖 𝜖 𝐶\𝐶𝑆 , ∀ 𝑡 𝜖 𝑇       
(4-2) 
Flow propagation constraints: 
∑ 𝑦𝑖𝑗
𝑡
∀𝑗𝜖𝛤(𝑖)  - 𝑥𝑖
𝑡 ≤ 0  ∀ 𝑖 𝜖 𝐶 , ∀ 𝑡 𝜖 𝑇        (4-3) 
∑ 𝑦𝑖𝑗
𝑡
∀𝑗𝜖𝛤(𝑖)    ≤ 𝑞𝑖
𝑡 − ∑ 𝑦′𝑖𝑗
𝑡
∀𝑗𝜖𝛤(𝑖)  ∀ 𝑖 𝜖 𝐶\𝐶𝐼  , ∀ 𝑡 𝜖 𝑇  (4-4) 
∑ 𝑦𝑖𝑗
𝑡
∀𝑗𝜖𝛤(𝑖)  ≤ 𝑞𝑖
𝑡 ∀ 𝑖 𝜖 𝐶𝐼  , ∀ 𝑡 𝜖 𝑇       (4-5) 
∑ 𝑦𝑖𝑗
𝑡
𝑖𝜖𝛤−1(𝑗)  ≤ 𝑞𝑗
𝑡 − ∑ 𝑦′𝑖𝑗
𝑡
𝑖𝜖𝛤−1(𝑗)  ∀ 𝑗 𝜖 𝐶\𝐶𝐼 , ∀ 𝑡 𝜖 𝑇  (4-6) 
∑ 𝑦𝑖𝑗
𝑡
𝑖𝜖𝛤−1(𝑗)  ≤ 𝑞𝑗
𝑡 ∀ 𝑗 𝜖 𝐶𝐼 , ∀ 𝑡 𝜖 𝑇       (4-7) 
∑ 𝑦𝑖𝑗
𝑡
∀𝑖𝜖𝛤−1(𝑗) + 𝛿𝑗𝑥𝑗
𝑡 ≤ 𝛿𝑗𝑁𝑗
𝑡 − 𝛿𝑗𝑥′𝑗
𝑡 − ∑ 𝑦′𝑖𝑗
𝑡
∀𝑖𝜖𝛤−1(𝑗)  ∀ 𝑗 𝜖 𝐶 , ∀ 𝑡 𝜖 𝑇        (4-8) 
Non-negativity and initialization constraints: 
𝑥𝑖
𝑡 ≥ 0 ∀ 𝑖 𝜖 𝐶 , ∀ 𝑡 𝜖 𝑇         (4-9) 
𝑦𝑖𝑗
0  = 0  ∀ (𝑖, 𝑗) ∈ 𝐻              (4-10) 
𝑦𝑖𝑗
𝑡  ≥ 0 ∀ (𝑖, 𝑗) ∈ 𝐻               (4-11) 
Maximum flow at intersection restriction constraints: 
𝑞𝑖
𝑡 = {
𝜅𝑖𝑄𝑖 − 𝑧′𝑖
𝑡, ∀𝑖𝜖 𝐶𝐼
𝑄𝑖 ,      otherwise 
 
∀ 𝑡 𝜖 𝑇                   (4-12) 
 
Conceptually, the objective of the proposed formulation is to minimize the total 
travel time experienced by all affected drivers, which can be computed as 
 ∑ ∑ 𝜏𝑥𝑖
𝑡
∀𝑖𝜖𝐶\𝐶𝑆∀𝑡𝜖𝑇   (Ziliaskopoulos, 2000), however since τ is a constant value, the 
objective function can be reduced to 𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒 ∑ ∑ 𝑥𝑖
𝑡
∀𝑖𝜖𝐶\𝐶𝑆∀𝑡𝜖𝑇 . The sink cell, 
which represents the destination, in not present in the objective function as there is no 
cost associated with the traffic that has reached the destination. 
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The linear program in this study seeks to ensure that the background existing 
traffic in the arterial network during the planning horizon will not be affected by the 
re-routed traffic. To serve this purpose, the flow propagation constraints in the original 
problem by Ziliaskopoulos (2000), have been modified. Equations (4-3) to (4-8) 
represent the flow propagation constraints tailored to the purpose of the present study, 
by adding the time-dependent background arterial flows and densities as parameters 
that limit the dynamic capacities available to re-routed traffic. The background time-
dependent volumes and flows have been represented by 𝑥′𝑖
𝑡 and 𝑦′𝑖𝑗
𝑡  respectively, 
which are considered as parameters in this formulation. Hence the only decision 
variables to be computed by the linear program are 𝑥𝑖
𝑡 and 𝑦𝑖𝑗
𝑡 . The consideration of 
the background dynamic flows in the constraints guarantees minimal interruption to 
the dynamics of the background flows.  
Constraint (4-2) guarantees the flow conservation from one time interval to the 
next, so that no vehicles are generated or absorbed inside any cell at any time interval 
except at the source cells, 𝑖 ∈ 𝐶𝑅 and sink cells 𝑖 ∈ 𝐶𝑆, where vehicles are respectively 
generated and absorbed. 
Constraint (4-3) bounds the total outflow of each cell at every time interval to 
the number of existing vehicles in that cell at the same time interval. For all cells 
except the intersection cells, constraint (4-4) bounds the total outflow of each cell to 
the remaining outflow capacity of that cell, after the deduction of the background 
outflows. Constraint (4-5) demonstrates the same type of constraint as the one in (4-
4) for intersection cells. However, these constraints have been differentiated for 
ordinary and intersection cells, as the in/out-flow capacities at intersection movements 
are determined by the associated green time ratios (𝜅𝑖) as well as the background 
traffic (𝑧′𝑖
𝑡). Thus equation (4-12) is specifically designed to elaborate on how the 
in/out-flow capacities have been defined for intersection cells. 
For all cells except the intersection cells, constraint (4-6) bounds the total inflow 
of each cell to the remaining inflow capacity of that cell, after the deduction of the 
background inflows. Constraint (4-7) demonstrates the same type of constraint as the 
one in (4-6) for intersection cells. 
Constraint (4-8) bounds the inflow of re-routed cars into each cell by its 
available capacity. Constraints (4-3) to (4-8) have been derived from the piecewise 
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linear relationship between the flow and density in CTM. Constraints (4-9) to (4-11) 
guarantee the non-negativity of variables and the initial state of the network.  
Equation (4-12) has been added to account for fixed intersection signal controls 
in the arterial network. The parameter 𝜅𝑖𝑄𝑖 is demonstrating how the flow capacities 
of intersection cells are proportional to the green time ratio assigned to the movement 
they represent. 𝜅𝑖 represents the green time ratio, assigned to each intersection cell in 
each control cycle. The value of 𝜅𝑖 is the same for movements within the same signal 
phase. According to Figure 4.3.2-1, movements (1,5), (3,7), (4,8,9,11) and (2,6,10,12) 
are considered to be in the same signal phase.  For intersection cells, the value of 
background flow has been represented by 𝑧′𝑖
𝑡 with a single subscript i to represent the 
cell. 
 CASE STUDY, RESULTS AND DISCUSSION 
The proposed ITM framework has been implemented in a case study on a major 
freeway and its adjacent arterial network, to demonstrate the capabilities of the 
framework in efficiently computing real-time re-routing strategies. The freeway used 
for this purpose is Pacific Motorway, which is a major transport route along the central 
east coast of Australia. Connecting two Australian states; Queensland and New South 
Wales, Pacific motorway is one of the busiest Australian freeways. The part of this 
freeway used for the case study is a 17 kilometre stretch of this freeway connecting 
the central business district (CBD) of Brisbane (the capital of Queensland) and the 
City of Logan, which is a local government area in South East Queensland, Australia, 
as depicted in Figure 4.4-1. 
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Figure 4.4-1 Schematic Map of the Network Nodes and Links 
 
As shown in Figure 4.4-1, the aforementioned stretch of the freeway together 
with all the major adjacent arterials form the test network. The freeway has three lanes 
per direction with a speed limit of 110 kilometres per hour; whereas on the arterial 
network, the speed limit is 60 kilometres per hour and the number of lanes varies by 
location. The signal controlled intersections on the arterials have been shown using 
the traffic light sign on the map (Figure 4.4-1). As explained in the mathematical 
formulation, this network has to be converted into a cell-based network. Based on the 
speed limits and a selected time interval of 30 seconds (𝜏 = 30), the length of freeway 
and arterial cells are 916 meters and 500 meters respectively. Arterial intersections 
have been considered to be operating under fixed signal controls. Intersection cells 
representing movements (4,8,9,11) and (2,6,10,12) are considered to have 
1
3
 green time 
73 
 
4 The CTM-based Single-Destination SODTA model 73 
ratio (𝜅𝑖 =
1
3
) and intersection cells representing movements (1,5) and (3,7) are 
considered to have 
1
6
 green time ratio within a cycle (𝜅𝑖 =
1
6
). 
A total of nine different scenarios are reported in this chapter. To test the 
capability of the framework under different scenarios of demand and incident 
blockage, an incident is created in the south-bound direction of the freeway (see 
Figure 4.4-1) during the morning peak period (7:00 to 9:00 a.m.), the afternoon peak 
period (4:00 to 6:00 p.m.) or the night period (9:00 p.m. to 7:00 a.m.). The extent of 
incident blockage also varies between one to three lanes out of the total three freeway 
lanes.  
As previously explained, the expected duration of an incident can be predicted 
using econometric models, an example of which, calibrated for the freeway of interest 
has been presented in Table 4.3.1-1.  The simulated incident on the freeway has been 
assumed to require diversion and involve injuries and the transfer of injured people to 
the hospital. According to the following equation, obtained from the parameters in 
Table 4.3.1-1, such accident on Pacific motorway will have an approximate expected 
duration of 120 minutes (equivalent of 240 time intervals) at t=0. For the evening 
period, the duration for such accident is expected to be more than 120 minutes (152.47 
minutes) according to the model in Table 4.3.1-1, however for the sake of comparison 
between scenarios, the duration has been assumed to be 2 hours for all scenarios. 
𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛7 = 𝑒3.69+0.203+0.83−0.195+0.322 = 127.7 𝑚𝑖𝑛𝑢𝑡𝑒𝑠 ~ 2 ℎ𝑜𝑢𝑟𝑠 
The south-bound traffic flows for the tested scenarios on Pacific Motorway 
travelling from the Brisbane CBD all the way down to the city of Logan is calculated 
from the Brisbane strategic transport demand model output (Brisbane strategic 
transport demand model 2012), with the assumption to be uniform over the 240 time 
intervals in the planning horizon. As a result the freeway inflow is assumed to be 34 
vehicles per time interval (30 second) during the morning peak, 45 vehicles per time 
interval during the afternoon peak period, and 14 vehicles per time interval during the 
night period.  
                                                 
 
7 Duration is evaluated (predicted) at t=0, as soon as the incident is detected and logged, where the 
error term 𝜀 is equal to zero. 
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Background arterial densities and flows (𝑥′𝑖
𝑡, 𝑦′𝑖𝑗
𝑡 , and 𝑧′𝑖
𝑡 ) in this case study 
have been approximated using a degree of saturation (DOS) of 0.6  on the arterial 
network during the morning and afternoon peaks and a degree of saturation of 0.2 
during the evenings. 
Once all the required inputs of the re-routing module are obtained according to 
the proposed ITM framework in Figure 4.3-1, the re-routing module is executed using 
MOSEK optimization tool in MATLAB8, for nine different scenarios. The value of 
the objective function, which is the equivalent of total travel time experienced by the 
freeway demand, is reported for each scenario and also compared with the total travel 
time experienced under a do-nothing scenario. This comparison determines the 
amount of total savings in travel time acquired by the implementation of the proposed 
re-routing strategy. The computational times of the re-routing module are also reported 
to demonstrate the feasibility of the module for real-time applications. Most 
importantly, the re-routing module determines the exact nodes on the network where 
the traffic should be re-routed as well as the exact number of vehicles to re-route at 
each time interval and the links to which the traffic should be re-routed. 
Figure 4.4-2 is a graphical demonstration of the results obtained using the 
framework for scenario 5 from Table 4.4-1, where an incident blocks two lanes of the 
freeway during the afternoon peak period and the demand is high both on the freeway 
and the arterial network. The demand is generated at node number 1 uniformly during 
the planning horizon (240 time intervals) and is aimed to reach the destination at node 
number 27, downstream of the incident.  
As the incident takes place on the motorway, the objective is to re-route the 
vehicles to the arterial network to prevent the back propagation of traffic on the 
motorway, but also ultimately return the vehicles back to the motorway, downstream 
of the incident location and past the blockage. Therefore the single re-routing 
destination is considered to be right past the incident point on the motorway. 
 
                                                 
 
8 https://mosek.com/products/mosek/matlab-toolbox 
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Figure 4.4-2-Graphical Demonstration of Results for Scenario 5 
 
Since one out of three lanes is operating on the freeway, part of the traffic can 
remain on the freeway and reach the destination within the planning horizon. The 
remaining part however should be re-routed from the major nodes on the freeway 
(nodes 1, 2 and 11 on Figure 4.4-2) to the arterial network. This traffic is then split 
further at the arterial nodes to achieve optimality. The vast spread of traffic witnessed 
within this solution is a result of the strict flow propagation constraints introduced in 
the linear program to guarantee the existing arterial traffic flows and densities. The 
information provision process to drivers about such re-routing strategy might require 
higher technological advances and involve more sophistication; however it assures 
minimal delay imposition on the arterial traffic at the same time as minimizing the 
freeway demand travel time. Subject to the availability of Advanced Traveller 
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Information Systems, the optimal path information can be provided to a certain 
number of drivers so that optimality is achieved. 
Under the example scenario in Figure 4.4-2, 5876 vehicles that entered the 
network within the planning horizon can reach the destination, whereas under the do-
nothing scenario only 3255 vehicles would reach the destination. With a 
computational time of only 57 seconds for this scenario, the re-routing module offers 
a real-time solution which earns travel time savings of 2234 hours (28.42%), 
equivalent to monetary cost savings of $47,591 for a single incident. 
Table 4.4-1 presents the results obtained from the application of the ITM 
framework to nine tested scenarios of different demand and incident blockage. It 
summarizes the output including: the total number of vehicles re-routed from the 
major freeway nodes (1, 2 and 11 on Figure 4.4-2) over the course of the incident, total 
travel times under the re-routing and do-nothing scenarios and ultimately the total 
travel time savings, cost savings and computational times. Part of the results from 
Table 4.4-1 are also presented in Figures 4.4-3 and 4.4-4 to facilitate visual 
comparison. 
The results clearly indicate how the proposed optimal routing strategies and 
travel time savings are sensitive to different freeway demand values, background 
traffic situation and the extent of incident blockage. As can be inferred from 
Table 4.4-1, the travel time savings can range between zero and the significant value 
of 2,487 vehicle-hours during the 2-hour planning horizon. In general, the savings 
increase as the freeway demand increases. However, these savings are bounded to a 
certain level, determined by the limited capacity of arterial network in accommodating 
the re-routed flow. The arterial network may not fully accommodate the high traffic 
flow on the freeway due to geometric limitations and traffic signal timings. Examples 
of this situation can be observed for scenarios 2, 4, 5, 7 and 8, where the re-routed 
traffic uses the maximum remaining capacity of flow on arterials, which results in 
identical re-routed path flows. The obtained savings for all these scenarios reach the 
maximum value of 2,234 vehicles-hours during the morning and afternoon peaks. 
During the night period in scenarios with one and two lanes of blockage 
(scenarios 3 and 6), given that the freeway demand is lower than the remaining 
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capacity of the freeway, the optimal solution is to keep the traffic on the freeway and 
thus no diversion would be recommended. 
From another perspective, within the scenarios occurring during the same time 
period, the cost savings increase as the extent of blockage increases. 
Regarding the optimal re-routed flows, there is variation in the number of 
vehicles re-routed from the major freeway nodes under different scenarios. As an 
example in scenario 1, due to the low blockage and moderate freeway demand, no 
traffic is diverted to node 8. But as the demand increases the traffic needs to be 
dispersed under a more widely spread pattern. 
The low computational times of the re-routing module as reported in 
Table 4.4-1, with values no more than 75 seconds, demonstrate the suitability of this 
module for real-time applications. 
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Table 4.4-1- Tested Scenario Results 
 
Total No. of Re-Routed Vehicles 
over Planning Horizon 
 
 
Number of Vehicles 
Reaching Destination 
within the Planning 
Horizon 
Scenario Time 
No. of 
Lanes 
Blocked 
South-
Bound 
Flow 
(veh/τ) 
Degree of 
Saturation 
on Arterial 
Node 
1 to 8 
Node 
2 to 3 
Node 
11 to 10 
Node 
11 to 12 
Re-Route 
Total 
Travel 
Time (hr) 
Do-
Nothing 
Total 
Travel 
Time (hr) 
Travel 
Time 
Saving 
(veh-hr) 
Travel 
Time 
Saving 
(%) 
Value of 
Time 
(AUD/hr) 
Cost 
Saving 
(AUD) 
Comp. 
Time 
(sec) 
Under 
Re-Route 
Under 
Do-
Nothing 
1 Morning 1 34 0.6 0 412 204 207 1511 2227 716 32.15% 21.3 15248 54 7333 6510 
2 Afternoon 1 45 0.6 584 811 816 410 2643 4878 2234 45.8% 21.3 47591 75 9131 6510 
3 Night 1 14 0.2 0 0 0 0 589 589 0 0% 10 0 24 3038 3038 
4 Morning 2 34 0.6 584 811 816 410 2976 5210 2234 42.88% 21.3 47591 75 5876 3255 
5 Afternoon 2 45 0.6 584 811 816 410 5627 7861 2234 28.42% 21.3 47591 57 5876 3255 
6 Night 2 14 0.2 0 0 0 0 589 589 0 0% 10 0 25 3038 3038 
7 Morning 3 34 0.6 584 811 816 410 5960 8194 2234 27.26% 21.3 47591 49 2621 0 
8 Afternoon 3 45 0.6 584 811 816 410 8611 10845 2234 20.6% 21.3 47591 37 2621 0 
9 Night 3 14 0.2 0 824 1632 414 887 3374 2487 73.71% 10 24874 37 2870 0 
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Figure 4.4-3 Total Travel Times under Re-Route and Do-Nothing 
 
 
Figure 4.4-4 Vehicles Reaching Destination under Re-Route and Do-Nothing 
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 CHAPTER CONCLUSIONS AND FUTURE RESEARCH 
This chapter proposed a comprehensive framework for ITM which incorporates an 
incident duration model and a traffic re-routing module. The incident duration model 
is used to estimate the expected duration of the incident and thus determine the 
planning horizon for the re-routing module. The re-routing module is a CTM-based 
Single-Destination SODTA problem that generates optimal real-time strategies for re-
routing freeway traffic to adjacent arterial network during incidents.  
The contributions of this study are twofold. The first contribution relates to the 
proposed framework. The proposed ITM framework predicts the duration of incident 
and manages the traffic re-routing accordingly to facilitate real-time incident traffic 
management.  
The second contribution of this stage lies within the re-routing module. Being 
linear, the proposed SODTA model is very computationally advantageous and can be 
efficiently solved using the well-known Simplex algorithm by Dantzig (1998). 
The dynamic flow propagation constraints in the proposed re-routing linear 
program are also designed to account for the background arterial densities and flows, 
and guarantee minimal interruption to the arterial background flows. This 
consideration is necessary in order to avoid creating gridlocks in the arterial network 
while utilizing the maximum remaining capacity of the network.  Background traffic 
provision also allows for the re-routing module to be flexible with the input choice of 
the adjacent arterial network.  
The module also accounts for intersection signal control on arterials which is 
another improvement in the state of analytical formulations for ITM. Future research 
may however seek to model actuated signal control on arterial intersections as opposed 
to the fixed signal controls presented in this study. Demand uncertainties during the 
planning horizon can also be accounted for in future research. 
For more generality, the single-destination SODTA can also be further extended 
to a Multiple-Destination SODTA using multi-commodity specifications, albeit at the 
cost of more complexity and computational time. The generalization of the model to 
the multiple-destination problem may also lead to the violation of First-In-First-Out 
(FIFO) principle, at the cell level. 
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The findings of this chapter have informed the research development in the next 
chapter to a great extent. Being single-destination, the model presented in this chapter 
is efficient and adequate for re-routing freeway traffic to a single point downstream of 
freeway incidents, however, development of a generic model that can be applied to 
any generic and many-to-many O-D pair network configuration is highly desirable.  
 Hence, in the next chapter we have expanded our study and developed a generic 
SO traffic assignment formulation based on a quasi-dynamic network loading model, 
which benefits from the generality of a many-to-many model, and generates path flows 
and travel times that are realistic and compatible with queueing theory. 
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5 The SOQDTA Model 
 SUMMARY 
This chapter introduces an efficient path-based System-Optimal Quasi-Dynamic 
Traffic Assignment (SOQDTA) framework that benefits from the computational 
efficiency of static traffic assignment models, yet captures the realism of traffic flow, 
with less complexity and computational burden, compared to dynamic traffic 
assignment models. 
To solve the proposed SOQDTA problem, we have developed a novel Path 
Marginal Cost (PMC) approximation algorithm, based on a newly-proposed Quasi-
Dynamic Network Loading (QDNL) procedure (Bliemer et al., 2014), that 
incorporates a first order node model, and thus produces realistic path travel times 
consistent with queuing theory and similar to dynamic network loading models, but at 
a lower computational cost. The model considers capacity constrained static flows, 
residual vertical/point queues and no spillback. 
We have applied this SOQDTA model to the test network of Sioux Falls, in 
South Dakota, USA, and demonstrated that the proposed framework results in system 
optimal traffic flow patterns that improve total system travel times, both under 
incident-free and incident scenarios.  
Convergence of the algorithm is demonstrated using a relative gap function in 
the case study. 
A sensitivity analysis is also performed to realize the impact of perturbation size 
on the solution quality. 
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 INTRODUCTION  
System optimal (SO) traffic assignment models belong to the class of 
transportation network modelling problems and have various applications in traffic 
management. These applications range from recurrent traffic management practices, 
such as congestion pricing and traffic control/information systems, to non-recurrent 
traffic management, such as ITM and evacuation scenarios. With recent advancements 
in information and communication technologies, vehicle automation (Autonomous 
Vehicles) and vehicle/infrastructure connectivity (Connected Vehicles), possibilities 
emerge for communicating and enforcing advanced traffic routing directions for 
efficient utilization of existing traffic network capacities. Therefore, the task of finding 
optimal traffic directions becomes more essential, as the required technologies will be 
available to facilitate the implementation and enforcement of optimal directions, 
regardless of possible complexities. The research efforts reported in this chapter study 
and propose methodologies for finding optimal traffic patterns within reasonable 
computational times, to be applied to real-time decision making scenarios. 
SO and user optimal (user equilibrium -- UE) traffic assignment problems, have 
been widely studied under both static and dynamic traffic flow assumptions. Despite 
the growing interest in the development and application of dynamic traffic assignment 
(DTA) models, static traffic assignment (STA) models are still widely used, especially 
in strategic transportation planning, due to higher efficiency and scalability; and lower 
computational complexity. The computational efficiency of a traffic assignment model 
becomes even more crucial in real-time decision making applications such as 
emergency evacuations and incident management, compared to long-term strategic 
transportation planning and operational applications. 
In traffic assignment, whether static or dynamic, the assumptions regarding the 
propagation of flow in the network (network loading) highly affect the model outputs. 
Therefore, besides computational efficiency; the ability of an assignment model in 
capturing the realism of traffic flow propagation plays a critical role in determining 
the quality of solution outputs. 
In classic STA models, no link capacity constraints are presumed and the impact 
of traffic congestion is only captured through increased link travel times. Therefore, 
there have been many efforts in the literature to improve the precision and realism of 
STA models to generate more accurate traffic flow patterns and travel times, whilst 
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taking advantage of their high computational tractability. Research along this path has 
led to a class of assignment models where link capacity constraints and/or residual 
queues are incorporated into static assignment. In the literature, capacity constrained 
static models with residual queues are referred to as Quasi-Dynamic Traffic 
Assignment (QDTA) models. 
A recent study by Bliemer et al. (2014) has introduced an efficient path-based 
quasi-dynamic traffic assignment approach to alleviate the existing issues with the 
current capacity constrained static models. Their model considers static but capacity-
constrained flows with residual vertical/point queues and no queue spillback. They 
have incorporated a first order node model in their quasi-dynamic network loading 
(QDNL) model, to compute the actual turn flows at nodes as well as residual point 
queues upstream of bottlenecks; and path travel times consistent with queuing theory. 
They have then successfully used their proposed QDNL method to solve a path-based 
stochastic UE problem for general network settings. Such QDNL procedures, which 
generate reliable traffic flow patterns at a relatively low computational cost, can also 
be utilized to define and efficiently solve a path-based SO Quasi-Dynamic Traffic 
Assignment (SOQDTA) problem. A SOQDTA problem can generate practical 
solutions at a lower computational cost than SO Dynamic Traffic Assignment 
(SODTA) problems. 
As explained in the Literature Review chapter, one further advantage of a path-
based SOQDTA problem is that it can be solved using conventional and widely-
studied algorithms developed for UE traffic assignment. However, using these 
methods to solve a path-based SOQDTA problem requires the computation of Path 
Marginal Cost (PMC), which is defined as the change in the total system travel time 
due to one unit of additional flow on each path. In STA, PMC is simply computed by 
taking the derivative from the total travel time function with respect to flow; however 
in DTA and QDTA, travel time is calculated through implicit functions and exact PMC 
computation is very challenging. A variety of studies have introduced algorithms to 
approximate PMC for SODTA (Ghali & Smith, 1995; Peeta & Mahmassani, 1995b; 
Qian et al., 2012; Shen et al., 2007), however to the best of our knowledge, there exist 
no similar examples of PMC approximation for QDTA. 
The contribution of the present chapter is twofold. First, we have developed a 
generic SOQDTA framework which embeds a state-of-the-art QDNL model and can 
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benefit a variety of traffic management applications. It needs to be highlighted that the 
QDNL model considers capacity constrained static flows and residual vertical queues 
without queue spillback. It also does not directly model signalized intersections. 
Second, we have developed a PMC approximation algorithm that can efficiently 
solve this path-based SOQDTA problem for real-sized transportation networks, with 
realistic traffic flow assumptions at a low computational cost. We have then applied 
this model to incident traffic re-routing and demonstrated improvements in total 
system travel time, in the medium-sized network of Sioux Falls in South Dakota, USA.  
The motivation behind applying our model to incident traffic re-routing lies in 
the significant impact that traffic incidents have on freeway and arterial traffic 
congestion and delay. The term “traffic incident” refers to all types of events that might 
interrupt the regular traffic flow and thus lead to excess congestion. This definition 
covers a wide range of events such as crashes, road works, vehicle breakdowns, etc. 
(Srinivasan et al., 2008). Within conventional ITM procedures, managing the impacted 
traffic is of particular importance; because queue formation upstream of an incident 
leads to substantial delay and interruption in incident response and clearance 
procedures. Despite this significance, as discussed in the previous chapter, little has 
been done to develop efficient incident traffic re-routing algorithms and, in practice, 
this task is mostly performed based on experience and personal judgements by traffic 
operators; which might result in inefficient flow restoration or shifting the congestion 
to parallel routes. Moreover, private-sector information providers (e.g. Google Maps, 
Garmin GPS, Waze mobile and web applications, etc.) provide drivers with user 
optimal route advice through in-vehicle route guidance systems and smart phone 
applications; whereas the objective of ITM is to reduce the total system travel time, 
necessitating a system optimal view on the problem (Sawaya et al., 2005).  
Our objective in the present chapter has thus been to address the aforementioned 
issues by developing a tractable SOQDTA model to be incorporated into the ITM 
practice, besides other potential traffic management applications. 
Developing this SOQDTA model, we have also enhanced the general 
applicability and pragmatism of our proposed models by moving from a single-
destination SODTA (presented in Chapter 4) to a generic many-to-many SOQDTA. 
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The following section elaborates on the proposed methodology and algorithms. 
Next, the model is applied to the Sioux Falls network and the results are discussed and 
concluded. 
 METHODOLOGICAL FRAMEWORK 
In this section, we further discuss the SOQDTA problem, its objective function 
and constraints, as well as the embedded components, such as the node model, the 
QDNL module, the PMC estimation algorithm and the assignment procedure. We have 
adopted the QDNL model by Bliemer et al. (2014), which incorporates a 
comprehensive first order node model by Tampère et al. (2011). Accordingly, we have 
proposed a PMC approximation algorithm to align with these founding models. 
The following notations have been used in this chapter. 
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Notations 
Network: G(N,A) 
N: Set of all network nodes 
A: Set of all network links 
R: Set of origin nodes 
S: Set of destination nodes 
𝐴𝑛
𝑖𝑛: Set of in-links to node n, ∀𝑛 ∈ 𝑁 
𝐴𝑛
𝑜𝑢𝑡: Set of out-links from node n, ∀𝑛 ∈ 𝑁 
𝐷𝑟𝑠: The input demand between each O-D pair (r,s),  
𝑃𝑟𝑠:Path set between each O-D pair (r,s) 
𝑉𝑝: Vector of links on path p 
 𝑉𝑖
𝑝
: 𝑖𝑡ℎlink on path p 
𝑃𝑎: Set of all O-D paths using link a 
𝑀𝑝: Set of all movement on path p, ∀𝑝 ∈ 𝑃; 
𝑚𝑎,𝑏: Movement from link a to link b, ∀ 𝑎 ∈ 𝐴𝑛
𝑖𝑛,  ∀𝑏 ∈ 𝐴𝑛
𝑜𝑢𝑡 ,  ∀𝑛 ∈ 𝑁 
[0,T]: Demand time period (in hours) 
𝑓𝑝: Path flow on path p, ∀ 𝑝 ∈ 𝑃
𝑟𝑠, ∀(𝑟, 𝑠) 
𝑆𝑎: Total link in-flow (demand) of link a, ∀𝑎 ∈ 𝐴 
𝑆𝑎𝑝: Path-specific link in-flow (demand) from path 𝑝 ∈ 𝑃
𝑟𝑠on link 𝑎 ∈ 𝐴 
𝑆𝑎−𝑏: Turn demand from Link a to link b; ∀ 𝑎 ∈ 𝐴𝑛
𝑖𝑛, ∀𝑏 ∈ 𝐴𝑛
𝑜𝑢𝑡 , ∀𝑛 ∈ 𝑁 
𝑞𝑎−𝑏: Actual turn flow from link a to link b obtained from the QDNL procedure; 
∀ 𝑎 ∈ 𝐴𝑛
𝑖𝑛, ∀𝑏 ∈ 𝐴𝑛
𝑜𝑢𝑡, ∀𝑛 ∈ 𝑁 
𝑞𝑎: Total actual out-flow from link a;  𝑞𝑎 = ∑ 𝑞𝑎−𝑏∀𝑏∈𝐴𝑛𝑜𝑢𝑡 ; ∀ 𝑎 ∈ 𝐴𝑛
𝑖𝑛, ∀𝑛 ∈ 𝑁 
𝛼𝑎
𝑏𝑎𝑠𝑖𝑐: Link reduction factor resultant from QDNL , ∀ 𝑎 ∈ 𝐴, 𝛼𝑎 =  
𝑞𝑎
𝑆𝑎
=
𝑞𝑎−𝑏
𝑆𝑎−𝑏
 , 
∀𝑏 ∈ {𝐴𝑛
𝑜𝑢𝑡|𝑆𝑎−𝑏 > 0} 
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𝛿𝑎𝑝: Link-path incidence indicator, equal to 1 when link a is on path p and zero 
otherwise 
𝜂𝑎𝑝: Set of Links on Path p from the origin up to but not including link a 
𝛼𝑎,𝑚𝑏,𝑐
+1 : Reduction factor of link a as a result of one unit of increase in the turn 
demand on movement 𝑚𝑏,𝑐  ∀ n ∈ 𝑁 ,  ∀ a,b ∈ 𝐴𝑛
𝑖𝑛 , ∀ c ∈ 𝐴𝑛
𝑜𝑢𝑡 
∆𝛼𝑎,𝑚𝑏,𝑐
+1 : Relative change in 𝛼𝑎
𝑏𝑎𝑠𝑖𝑐 due to one unit of increased demand on 
movement 𝑚𝑏,𝑐 , ∀ n ∈ 𝑁 ,  ∀ a,b ∈ 𝐴𝑛
𝑖𝑛 , ∀ c ∈ 𝐴𝑛
𝑜𝑢𝑡 
𝛼𝑎,𝑝
𝑛𝑒𝑤: The new reduction factor of link a, resultant from perturbing path p, to be 
used for 𝑃𝑀𝐶𝑝 computation 
𝜉𝑎,𝑝: Perturbation reaching link a on path p 
?̇?𝑝
𝑏𝑎𝑠𝑖𝑐: Basic alpha product of path p 
?̇?𝑝,𝑝′
𝑛𝑒𝑤: New alpha product of path p, due to perturbation on path 𝑝′ 
𝐶𝑝(𝐟): Average path travel time 
 ∆𝐷𝑝,𝑝′
𝐸𝑥𝑡𝑒𝑟𝑛𝑎𝑙: Change in the delay of path p due to unit perturbation on external 
path 𝑝′ 
∆𝐷𝑝
𝐼𝑛𝑡𝑒𝑟𝑛𝑎𝑙: Change in the delay of path p due to unit perturbation on the same 
path 
𝐼𝑝(𝐟): Total path internality 
𝐸𝑝(𝐟):Total path externality 
𝑃𝑀𝐶𝑝(𝐟): Path marginal cost of path p, ∀ 𝑝 ∈ 𝑃
𝑟𝑠,  ∀ (𝑟, 𝑠) 
𝑇𝐶𝑝(𝐟): Total path travel time 
TC(𝐟): Total system travel time 
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The following path-based SOQDTA problem seeks to find the optimal path flow 
values 𝑓𝑝 that lead to minimized total system travel time, subject to demand and traffic 
flow constraints: 
  min TC(𝐟) =∑ ∑ 𝐶𝑝(𝐟)𝑓𝑝∀𝑝∈𝑃𝑟𝑠∀(𝑟,𝑠)                                                                    (5-1) 
 
  s.t.           ∑ 𝑓𝑝∀𝑝∈𝑃𝑟𝑠 = 𝐷
𝑟𝑠
  , ∀(𝑟, 𝑠)                   
                      
           𝑓𝑝 ≥ 0  , ∀𝑝 ∈ 𝑃
𝑟𝑠, ∀(𝑟, 𝑠)               
 
where 𝐶𝑝(𝐟) represents the average travel time on path p, with f being the 
network path flows pattern consisting of path flows for all O–D pairs, and 𝐷𝑟𝑠 
represents the total demand between the O-D pair (r,s). In the above equations, 𝑃𝑟𝑠 
represents the set of paths between each O-D pair (r,s).                                                                         
According to Wardrop’s second principle (Wardrop, 1952), in path-based SO 
traffic assignment solutions, the PMC on all the used paths among each O-D pair are 
equal; and less than or equal to the PMC of any unused paths between the same O-D. 
Thus the SO assignment solution can generally be obtained by assigning vehicles to 
paths with the least marginal cost (least PMC) between each O-D. The problem of 
finding the paths with the least PMC has been referred to as the least marginal cost 
problem in the literature (Peeta & Mahmassani, 1995b; Qian et al., 2012; Shen et al., 
2007). 
By definition, 𝑃𝑀𝐶𝑝(𝐟) is equal to the gradient of total system travel time with 
respect to unit perturbation on path p and under flow pattern f. The total system travel 
time value 𝑇𝐶(𝐟) can also be re-written as the summation of total path travel costs 
(travel time experienced by all vehicles on any path) for all the paths of the network 
as: 
𝑇𝐶(𝐟) = ∑ 𝑇𝐶𝑝𝑖
|𝑃|
𝑖=1 = ∑ 𝐶𝑝𝑖(𝐟) ∗ 𝑓𝑝𝑖
|𝑃|
𝑖=1                                                                   (5-2) 
 
where P =⋃ 𝑃𝑟𝑠∀(𝑟,𝑠)  demonstrates the set of all network paths. 
Having equation (5-2) the gradient vector of 𝑇𝐶(𝐟) or the PMC(f) =[𝑃𝑀𝐶𝑝(𝐟)] 
can be computed as: 
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𝑷𝑴𝑪(𝐟) =
𝜕𝑇𝐶(𝐟)
𝜕𝐟
 =  
[
 
 
 
 
 
 
 
 
 
𝜕𝑇𝐶𝑝1
𝜕𝑓𝑝1
  
𝜕𝑇𝐶𝑝1
𝜕𝑓𝑝2
  
.
.
.
𝜕𝑇𝐶𝑝1
𝜕𝑓𝑝|𝑝|
  
𝜕𝑇𝐶𝑝2
𝜕𝑓𝑝1
 …
𝜕𝑇𝐶𝑝2
𝜕𝑓𝑝2
…
.
.
.
𝜕𝑇𝐶𝑝2
𝜕𝑓𝑝|𝑝|
…
𝜕𝑇𝐶𝑝|𝑝|
𝜕𝑓𝑝1
 
𝜕𝑇𝐶𝑝|𝑝|
𝜕𝑓𝑝2.
.
.
 
𝜕𝑇𝐶𝑝|𝑝|
𝜕𝑓𝑝|𝑝| ]
 
 
 
 
 
 
 
 
 
.
[
 
 
 
 
 
 
 
 
1
1
.
.
.
.
.
.
1]
 
 
 
 
 
 
 
 
 = 
[
 
 
 
 
 
 
 
 
𝑃𝑀𝐶𝑝1(𝐟)
𝑃𝑀𝐶𝑝2(𝐟)
.
.
.
.
.
𝑃𝑀𝐶𝑝|𝑝|(𝐟)]
 
 
 
 
 
 
 
 
                                (5-3) 
 
An additional unit of flow on each path p will affect the total system travel time 
in two ways, one being the effect on the travel time of vehicles on the same path p, and 
the other being the effect on the vehicles on the other paths that interact with path p. 
The impact of the additional perturbation of path p on the same path is referred to as 
internality and is represented by the diagonal elements of the first matrix on the left in 
equation (5-3). Moreover, the impact of the perturbation of path p on the other paths, 
is referred to as externality and is represented by off-diagonal elements of the 
aforementioned matrix. 
The approximation in PMC computations in our model takes place in two ways. 
Firstly, since the exact computation of the impact of perturbation on any given path by 
enumerating and loading a perturbed solution on every individual path would be 
computationally intractable, the internality and externality of paths are approximated 
using some simplifying assumptions that will be discussed at length. Secondly we only 
approximate externality for paths that share at least one node with path p. Further 
explanations on these approximations are provided within the proposed PMC 
approximation algorithm section. 
The framework in Figure 5.3-1 demonstrates the overall procedure for 
generating a SOQDTA solution and specifies how the different elements of QDNL, 
the node model and PMC estimation should be incorporated in this procedure.  
Initially, the network specifications, link lengths and maximum speeds, the O-D 
demands and time horizon T will be acquired and input into the problem. The network 
is considered to be a directed graph G(N,A); where N and A denote the set of nodes 
and links respectively. Link capacities are also denoted by 𝐶𝑎 , ∀𝑎 ∈ 𝐴. Next, a set of 
feasible paths is generated between each non-zero demand O-D pair using a path set 
generation algorithm. The Path-Size Penalty Algorithm (PSPA) is used here for path 
set generation (Nassir et al., 2014) to generate the set of reasonable path alternatives, 
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but not necessarily in an increasing order of travel times (or distances). The PSPA 
generates the set of path alternatives that are reasonable (in terms of travel time) and 
sufficiently independent. We have used PSPA to generate a maximum of 10 alternative 
paths for every OD pair, as a fixed a-priori set. Ideally, path set generation can be 
repeated after the network loading step at every iteration of the algorithm, to make sure 
new relevant paths are discovered at every iteration. But we have used an a-priori set 
of reasonable and independent paths to simplify the computations. 
The SOQDTA module uses method of successive averages (MSA) to assign the 
O-D demands to paths such that minimal total system travel time is achieved. MSA 
starts with a feasible solution in the solution space, (assigning all the O-D demand to 
an initially shortest path) and then revises this solution by shifting proportions of the 
demand to the paths with the current least PMC. 
At each MSA iteration, the least marginal cost problem is solved for every O-D 
pair and a new assignment flow pattern is generated and loaded onto the network, until 
convergence is reached. The MSA algorithm used in this study is explained in 
Appendix A. 
We will first present an overview of the two adopted founding models and then 
elaborate on our proposed PMC approximation algorithm. 
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Figure 5.3-1- The Overall SOQDTA Methodological Framework 
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5.3.1 The QDNL model 
The QDNL procedure takes the path flows 𝑓𝑝 (generated by the assignment 
module) as input and computes the link and turn flows as output. This QDNL model 
incorporates a first order node model that computes link reduction factors 𝛼𝑎
𝑏𝑎𝑠𝑖𝑐 for 
all links, as the ratio of the link actual out-flow to the link in-flow (link demand). All 
links with reduction factors smaller than one are considered as bottlenecks. Reduction 
factors are then applied to the path flows to compute link and turn flows. It should be 
pointed out that, due to FIFO requirement, only a unique value of 𝛼𝑎
𝑏𝑎𝑠𝑖𝑐 is associated 
with each incoming link a to all its out-going turn directions. In other words, 𝛼𝑎−𝑏
𝑏𝑎𝑠𝑖𝑐 =
𝛼𝑎
𝑏𝑎𝑠𝑖𝑐 , ∀𝑏 ∈ 𝐴𝑛
𝑜𝑢𝑡.  
It should be noted that potential queue spillback has not been considered in this 
model; as it leads to non-stationary flows and contradicts the assumption of steady-
state flows. 
Following Bliemer et al. (2014) and Bifulco and Crisalli (1998) path-specific 
link in-flows can be computed  using link reduction factors having: 
𝑆𝑎𝑝 = 𝛿𝑎𝑝𝑓𝑝 ∏ 𝛼𝑎′
𝑏𝑎𝑠𝑖𝑐
𝑎′∈ 𝜂𝑎𝑝
, ∀ 𝑎 ∈ 𝐴,  ∀ 𝑝 ∈ 𝑃𝑟𝑠,  ∀(𝑟, 𝑠)                           (5-4) 
where 𝜂𝑎𝑝 denotes the set of links on path p from the origin up to, but not 
including, link a; and 𝛿𝑎𝑝 is the link-path incidence indicator. 
The turn demands can also be computed as follows: 
𝑆𝑎−𝑏 =  ∑ ∑ 𝛿𝑏𝑝𝑆𝑎𝑝𝑝∈𝑃𝑟𝑠(𝑟,𝑠)  , ∀ 𝑎 ∈ 𝐴𝑛
𝑖𝑛,  ∀𝑏 ∈ 𝐴𝑛
𝑜𝑢𝑡,  ∀𝑛 ∈ 𝑁                    (5-5) 
The total link in-flow of link a will then be computed as the sum of path-specific 
link in-flows over all paths using link a. The value of 𝑆𝑎 is also equal to the sum of 
turn demands from link a to all downstream turn directions. 
𝑆𝑎 = ∑ ∑ 𝑆𝑎𝑝∀𝑝∈𝑃𝑟𝑠∀(𝑟,𝑠) = ∑ 𝑆𝑎−𝑏∀𝑏∈𝐴𝑛𝑜𝑢𝑡  , ∀𝑎 ∈ 𝐴𝑛
𝑖𝑛, ∀𝑛 ∈ 𝑁                   (5-6) 
As evident from equations (5-4) to (5-6), the link and turn flows are determined 
using link reduction factors 𝛼𝑎
𝑏𝑎𝑠𝑖𝑐 obtained from the node model. Thus, in a more 
general representation, 𝑺′ = ϒ(𝜶𝒃𝒂𝒔𝒊𝒄|𝐟); where 𝑺′ denotes the vector of all turn 
demands (𝑺′ = [𝑆𝑎−𝑏]) and 𝛂 and 𝐟 denote the vector of all reduction factors (𝜶
𝒃𝒂𝒔𝒊𝒄 =
[𝛼𝑎
𝑏𝑎𝑠𝑖𝑐]) and given path demand flows (𝒇 = [𝑓𝑝]), respectively.  
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On the other hand, the node model requires the link and turn flows and capacities 
of all incoming and outgoing links of a node as input in order to compute 𝜶𝒃𝒂𝒔𝒊𝒄.  
Generally 𝜶𝒃𝒂𝒔𝒊𝒄 can be obtained as a function of link turn demands and 
capacities as follows; where 𝜞𝒏(. ) is an implicit representation of the node model. 
[𝛼𝑎
𝑏𝑎𝑠𝑖𝑐]𝑎∈𝐴𝑛𝑖𝑛 = 𝜞
𝒏(𝑆𝑎′−𝑏′ , 𝐶𝑎′ , 𝐶𝑏′ , ∀𝑎
′ ∈ 𝐴𝑛
𝑖𝑛, ∀𝑏′ ∈ 𝐴𝑛
𝑜𝑢𝑡)                        (5-7) 
or simply 𝜶𝒃𝒂𝒔𝒊𝒄 = 𝜞(𝑺′|𝑪). This circular reference between 𝜶 and 𝑺 yields the 
following fixed point problem: 
𝜶𝒃𝒂𝒔𝒊𝒄 = 𝜞(𝑺′|𝑪) = 𝜞(ϒ(𝜶𝒃𝒂𝒔𝒊𝒄|𝐟) |𝑪) = 𝒈(𝜶𝒃𝒂𝒔𝒊𝒄|𝒇, 𝑪)                           (5-8) 
The solution to this fixed point problem is a vector of reduction factors 𝜶𝒃𝒂𝒔𝒊𝒄
∗
 
which satisfies 𝜶𝒃𝒂𝒔𝒊𝒄
∗
= 𝒈(𝜶𝒃𝒂𝒔𝒊𝒄
∗
|𝒇, 𝑪); where 𝒈 = 𝜞 ∘ ϒ. 
Bliemer et al. (2014) propose the following algorithm to iteratively solve this 
fixed point problem: 
Input: Path set P, path flows 𝐟(𝑖) (where i represents the assignment iteration), 
and link capacities C. 
Step 0: Initialization. Assuming an empty network, initialize all reduction factors 
𝜶𝒃𝒂𝒔𝒊𝒄
(0)
= 1. 
Step 1: Calculate initial link and turn flows. For all paths 𝑝 ∈ 𝑷, calculate path-
specific link in-flows using 𝐟(𝑖) and equation (5-4). Calculate turn demands 𝑺′(𝟎), and 
link in-flows 𝑺(𝟎) using equations (5-5) and (5-6), respectively. Set the loading 
iteration 𝑗 = 1. 
Step 2: Determine potentially congested links9. For each link 𝑏 ∈ 𝐴, if 𝑆𝑏
(0)
> 𝐶𝑏 
then link b is a potential bottleneck and all links a with turn demand 𝑆𝑎−𝑏
(0)
> 0 will 
potentially be congested.  In other words, the set of links ?̃? that will be considered for 
QDNL is defined as: 
?̃? = {𝑎 ∈ 𝐴𝑛
𝑖𝑛, 𝑛 ∈ 𝑁|𝑆𝑎−𝑏
(0)
> 0, 𝑆𝑏
(0)
> 𝐶𝑏 , 𝑏 ∈ 𝐴𝑛
𝑜𝑢𝑡} 
                                                 
 
9 This step is performed in order to enhance the computational efficiency of the algorithm. By this 
means, the links that are potentially congested will be identified and for the links that will potentially 
not be congested 𝛼𝑎
𝑏𝑎𝑠𝑖𝑐 will remain equal to one. 
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Step 3: Compute Reduction Factors. Run the node model using turn demands 
𝑺′̃
(𝑗−1)
, link flows ?̃?(𝑗−1)and link capacities C, to obtain reduction factors ?̃?𝒃𝒂𝒔𝒊𝒄
(𝒋)
. 
Step 4: Compute turn and link demands. Compute the path-specific link flows 
using ?̃?𝒃𝒂𝒔𝒊𝒄
(𝒋)
and 𝐟(𝑖) in equation (5-4) and calculate the turn demands 𝑺′̃
(𝑗)
using 
equation (5-5). Use turn demands and equation (5-6) to also update link flows ?̃?(𝑗) for 
all 𝑎 ∈ ?̃?. 
Step 5: Convergence check. If  
1
|?̃?|
‖?̃?𝒃𝒂𝒔𝒊𝒄
(𝒋)
− ?̃?𝒃𝒂𝒔𝒊𝒄
(𝒋−𝟏)
‖ < 𝜀1, for some 𝜀1 >
0, the problem has converged to a fixed point; break here. Otherwise, set 𝑗 = 𝑗 + 1 
and return to step 3. 
The resultant reduction factors are then used to compute average path travel 
times as follows: 
𝐶𝑝(𝐟) =  ∑
𝛿𝑎𝑝𝐿𝑎
𝑣𝑎
𝑚𝑎𝑥𝑎∈𝐴  + 
𝑇
2
 (
1
∏ 𝛼𝑎
𝑏𝑎𝑠𝑖𝑐
𝑎∈𝑝
− 1)                                                     (5-9) 
where ∑
𝛿𝑎𝑝𝐿𝑎
𝑣𝑎
𝑚𝑎𝑥𝑎∈𝐴  denotes the summation of separable links free flow travel 
times, [0,T] denotes the demand time period (in hours)  and 
𝑇
2
 (
1
∏ 𝛼𝑎
𝑏𝑎𝑠𝑖𝑐
𝑎∈𝑝
− 1) denotes 
the average non-separable path queuing delay, in consistence with queueing theory. 
5.3.2 The Node Model 
The first order node model presented here is adapted from Tampère et al. (2011) 
and can be applied to general cross-nodes. Their proposed algorithm needs a maximum 
of m iterations (m being the number of node in-links) to find the exact solution. This 
node model can be extended for signalized intersections; using the signal green time 
ratios per turn.  
This model and its solution algorithm has been developed for cases where the 
link flow (demand) is assumed to be smaller than the link capacity for all the node in-
links (𝑆𝑎 ≤ 𝐶𝑎, ∀𝑎 ∈ 𝐴𝑛
𝑖𝑛). However, since we are using this node model as a core 
component of the fixed point QDNL problem, this condition does not always hold. 
Thus we have made slight modifications in the node model to also account for cases 
where the link demand is higher than the capacity (𝑆𝑎 > 𝐶𝑎). Slight changes have also 
been made in the notations for the sake of consistency with the other models 
incorporated in our study. 
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1. Retrieve link constraints and initialize supplies and sets 
For all a, b | 𝑎 ∈ 𝐴𝑛
𝑖𝑛, 𝑏 ∈ 𝐴𝑛
𝑜𝑢𝑡: 
Determine 𝑆𝑎−𝑏,𝐶𝑎 and 𝑅𝑏 ; via a link model. 𝑅𝑏 denotes the supply constraint 
on link b, and is equal to the capacity of link b at the node model iteration 𝑘 = 0: 
𝑅𝑏
(0)
= 𝐶𝑏 
𝑈𝑏
(0)
= {𝑎|𝑆𝑎−𝑏 > 0} , \\ add all a competing for 𝑅𝑏 to initial set 𝑈𝑏
(0)
 
𝐽(0) = {𝑏|𝑆𝑏 > 0},  \\ add all b towards which non-zero demand exists to 
initial set J. 
2. Determine oriented capacities (𝐶𝑎−𝑏) 
For all 𝑎|𝑆𝑎 > 0: 
𝐶𝑎−𝑏 =
𝑆𝑎−𝑏
𝑆𝑎
𝐶𝑎, ∀ 𝑏 ∈ 𝐴𝑛
𝑜𝑢𝑡 
3. Determine the most restrictive constraint ( the most restrictive out-link) 
For all 𝑏 ∈ 𝐽(𝑘): 
 \\ Compute 𝜌𝑏
(𝑘)
 defined as the level of reduction on link b (not to be mistaken 
with reduction factors 𝜶𝒂
𝒃𝒂𝒔𝒊𝒄. 𝜌𝑏
(𝑘)
 is a definitive value associated with the node out-
links b, whereas 𝜶𝒂
𝒃𝒂𝒔𝒊𝒄 is a value associated with the node in-links a.  𝜶𝒂
𝒃𝒂𝒔𝒊𝒄will be 
computed later in parts 4(a) or 4(b) . 
 𝜌𝑏
(𝑘) =
𝑅𝑏
(𝑘)
∑ 𝐶𝑎−𝑏
𝑎∈𝑈
𝑏
(𝑘)
 
\\Determine the most restrictive constraint 𝜌
?̂?
(𝑘)
: 
𝜌
?̂?
(𝑘)
= 𝑚𝑖𝑛
𝑏𝜖𝐽(𝑘)
𝜌𝑏
(𝑘)
  
\\Determine the current most restrictive out-link ?̂?(𝑘): 
?̂?(𝑘) = arg min
𝑏𝜖𝐽(𝑘)
{𝜌𝑏
(𝑘)} 
4. Determine actual turn flows 𝑞𝑎−𝑏 from corresponding set 𝑈?̂?
(𝑘)
and recalculate 
𝑅𝑏
(𝑘)
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(a) If ∃𝑎 ∈ 𝑈
?̂?
(𝑘)
|𝑆𝑎 ≤ 𝜌?̂?
(𝑘)
𝐶𝑎 && 𝑆𝑎 ≤ 𝐶𝑎: \\ if at least one a in 𝑈?̂?
(𝑘)
is 
demand constrained 
For all 𝑎 ∈ 𝑈
?̂?
(𝑘)
|𝑆𝑎 ≤ 𝜌?̂?
(𝑘)
𝐶𝑎: 
    𝑞𝑎−𝑏 = 𝑆𝑎−𝑏 , ∀ 𝑏 ∈ 𝐽 \\ actual turn flows found  
𝛼𝑎
𝑏𝑎𝑠𝑖𝑐 =
𝑞𝑎−𝑏
𝑆𝑎−𝑏
= 1; \\ link reduction factors computed 
For all 𝑏 ∈ 𝐽(𝑘): 
𝑅𝑏
(𝑘+1)
= 𝑅𝑏
(𝑘)
− 𝑆𝑎−𝑏 
Set 𝑈𝑏
(𝑘+1)
= 𝑈𝑏
(𝑘)
\{𝑎} 
If 𝑈𝑏
(𝑘+1)
= ∅: 
𝜌𝑏 = 1 
𝑈𝑏 = ∅ 
Set 𝐽(𝑘+1) = 𝐽(𝑘)\{𝑏}; \\ b is no longer 
considered 
(b) ElseIf 𝑆𝑎 > 𝜌?̂?
(𝑘)
𝐶𝑎 && 𝑆𝑎 ≤ 𝐶𝑎, ∀𝑎 ∈ 𝑈?̂?
(𝑘)
: \\ if all links in 
𝑈
?̂?
(𝑘)
 are definitively constrained by ?̂?(𝑘) 
for all 𝑎 ∈ 𝑈
?̂?
(𝑘)
 
𝑞𝑎−𝑏 = 𝜌?̂?
(𝑘)
𝐶𝑎−𝑏 , ∀ 𝑏 ∈ 𝐽; \\ actual turn flows found with respect to 
oriented capacities. 
𝛼𝑎
𝑏𝑎𝑠𝑖𝑐 =
𝑞𝑎−𝑏
𝑆𝑎−𝑏
=
𝜌
?̂?
(𝑘)
𝐶𝑎−𝑏
𝑆𝑎−𝑏
 ; \\ link reduction factors computed. 
For all 𝑏 ∈ 𝐽(𝑘): 
𝑅𝑏
(𝑘+1)
= 𝑅𝑏
(𝑘)
− 𝜌
?̂?
(𝑘)
𝐶𝑎−𝑏; 
   If 𝑏 ≠ ?̂?(𝑘): 
    Set 𝑈𝑏
(𝑘+1)
= 𝑈𝑏
(𝑘)
\𝑈
?̂?
(𝑘)
; 
If 𝑈𝑏
(𝑘+1)
= ∅: 
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𝜌𝑏 = 1, 𝑈𝑏 = ∅ 
Set 𝐽(𝑘+1) = 𝐽(𝑘)\{𝑏} 
ElseIf 𝑏 = ?̂?(𝑘): 
𝜌𝑏 = 𝜌?̂?
(𝑘)
 
𝑈𝑏 = 𝑈?̂?
(𝑘)
 
Set 𝐽(𝑘+1) = 𝐽(𝑘)\{?̂?(𝑘)} , ?̂? is no longer considered 
5. Stop criterion 
If 𝐽(𝑘+1) = ∅: 
Stop 
Else: 
𝑘 = 𝑘 + 1 
Return to step 3 
The following modification extends the algorithm to links with 𝑆𝑎 > 𝐶𝑎: 
In 4(a) we will have: 
If ∃𝑎 ∈ 𝑈
?̂?
(𝑘)|𝑆𝑎 ≤ 𝜌?̂?
(𝑘)𝐶𝑎 && 𝑆𝑎 > 𝐶𝑎: 
𝑞𝑎−𝑏 = 𝐶𝑎−𝑏 , ∀ 𝑏 ∈ 𝐽 
In 4(b) we will have: 
ElseIf 𝑆𝑎 > 𝜌?̂?
(𝑘)
𝐶𝑎 && 𝑆𝑎 > 𝐶𝑎, ∀𝑎 ∈ 𝑈?̂?
(𝑘)
: 
𝑞𝑎−𝑏 = 𝑚𝑖𝑛(𝜌?̂?
(𝑘)𝐶𝑎−𝑏, 𝐶𝑎−𝑏) 
5.3.3 Path Marginal Cost Approximation- The Proposed Algorithm 
In order to solve the path-based SOQDTA problem defined in equation (5-1), 
PMCs need to be approximated for all paths between all O-D pairs. As previously 
discussed, the exact computation of the PMC by enumerating and loading a perturbed 
solution on every individual path would be computationally intractable. Therefore, we 
need to efficiently approximate the changes in total system travel time as a result of a 
unit increase of flow on each path p,∀𝑝 ∈ 𝑃𝑟𝑠, ∀(𝑟, 𝑠).  
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Figure 5.3.3-1-The Overall PMC Approximation Framework 
Figure 5.3.3-1 demonstrates the overall framework proposed to approximate 
PMC in our path-based SOQDTA problem. 
According to the overall SOQDTA framework in Figure 5.3-1, a feasible path 
flow pattern (solution) will be generated by the assignment module and will be loaded 
onto the network using the QDNL module. Afterwards, the PMC values should be 
updated according to the newly obtained flow propagation pattern within the network.   
From the last QDNL iteration, link demands S, turn demands (flows) 𝑺′ and link 
reduction factors  𝜶𝒃𝒂𝒔𝒊𝒄 are available. In the QDNL model, path travel times are 
calculated based on the reduction factors of path links (equation (5-9)) and thus the 
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effects of one additional unit of demand on travel time, can be captured through the 
changes that it causes in link reduction factors. In turn, reduction factors are 
determined through the node model which models the complicated interactions 
between link and turn demands and capacities.  
In the first step, at every node 𝑛 ∈ 𝑁, we evaluate the potential changes in the 
in-link reduction factors 𝛼𝑎
𝑏𝑎𝑠𝑖𝑐 , 𝑎 ∈ 𝐴𝑛
𝑖𝑛 due to one extra unit of flow on different turn 
movements 𝑚𝑎,𝑏, ∀ 𝑎 ∈ 𝐴𝑛
𝑖𝑛, ∀𝑏 ∈ 𝐴𝑛
𝑜𝑢𝑡, ∀𝑛 ∈ 𝑁. More specifically, one perturbation 
unit is added to each turn demand 𝑆𝑎−𝑏 (obtained from the last QDNL iteration), at 
each node n in the network as follows:  
𝑆𝑎−𝑏
+1 = 𝑆𝑎−𝑏 + 1, 𝑎 ∈ 𝐴𝑛
𝑖𝑛, 𝑏 ∈ 𝐴𝑛
𝑜𝑢𝑡 , 𝑛 ∈ 𝑁                                               (5-10) 
For this stage, only one turn movement 𝑚𝑎,𝑏 is perturbed at a time, keeping the 
other turn demands constant. Next, the node model is run for node n with the new turn 
demands (𝑆𝑎−𝑏
+1 ), and the corresponding reduction factors on in-links 𝑎′, denoted by 
𝛼𝑎′,𝑚𝑎,𝑏 
+1  ∀𝑎′ ∈ 𝐴𝑛
𝑖𝑛 , are calculated. This stage is performed for all nodes and their 
existing turn movements in the network, regardless of the paths using these 
movements. Therefore, the computational cost of this stage increases only linearly 
with the size of network. Moreover, since at this stage, each node is processed 
individually, parallel processing can also be performed for higher efficiency. 
The relative changes between 𝛼𝑎′,𝑚𝑎,𝑏 
+1  and 𝛼𝑎′
𝑏𝑎𝑠𝑖𝑐(as a result of unit perturbation 
on movement 𝑚𝑎,𝑏) are then stored in variable ∆𝛼𝑎′,𝑚𝑎,𝑏
+1 , ∀𝑎′ ∈ 𝐴𝑛
𝑖𝑛, as follows: 
∆𝛼+1𝑎′,𝑚𝑎,𝑏=
𝛼
𝑎′,𝑚𝑎,𝑏
+1 − 𝛼
𝑎′
𝑏𝑎𝑠𝑖𝑐
𝛼
𝑎′
𝑏𝑎𝑠𝑖𝑐 , ∀ 𝛼
′ ∈ 𝐴𝑛
𝑖𝑛, ∀𝑏′ ∈ 𝐴𝑛
𝑜𝑢𝑡                                   (5-11) 
Figure 5.3.3-2 gives a graphical demonstration of this stage in a node with two 
in-links and two out-links. The procedure can be applied to any general cross-node and 
we have merely limited the number of in and out links in the figure for illustration 
clarity. 
101 
 
The SOQDTA Model 101 
 
Figure 5.3.3-2- Computation of 𝛂+𝟏 for a General Cross-Node 
 
Figure 5.3.3-2 (a) demonstrates a general cross-node 𝑛1, where the turn demands 
and link reduction factors have been computed in the QDNL procedure. In 
Figure 5.3.3-2 (b), we have added one demand unit to movement 𝑚𝑎1,𝑏2from link 𝑎1 
to 𝑏2. The turn demand 𝑆𝑎1−𝑏2 will be increased by one unit, and other turn demands 
remain constant. This demand increases on one movement however, affects all other 
incoming link reduction factors. This effect is captured using the node model and by 
calculating new alphas, 𝛼
𝑎1,𝒎𝒂𝟏,𝒃𝟐  
+1 and 𝛼𝑎2,𝒎𝒂𝟏,𝒃𝟐
+1 . Figure 5.3.3-2 (c) shows one extra 
unit of demand on movement 𝑚𝑎2,𝑏2.  
The aforementioned steps compute and store the relative changes to 𝜶𝒃𝒂𝒔𝒊𝒄 due 
to one unit of increased demand on each movement.  
The next step in the algorithm takes the generated O-D paths into account and 
perturbs each path individually to approximate its internal and external effects on total 
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system travel time. This stage of the algorithm also allows for parallel processing of 
different O-D pairs. 
Each path p is perturbed by one unit of additional flow at its origin, and the exact 
proportion of this unit flow, 𝜉𝑎,𝑝 ,that reaches every downstream link a is computed. 
𝜉𝑎,𝑝 is then used to approximate the resultant 𝜶
𝒏𝒆𝒘, on all the links of the network that 
are affected by perturbing path p. 
When path p is perturbed by one unit at the origin, the perturbation will be equal 
to one unit of flow on the first link on the path, i.e.: 
𝜉𝑎,𝑝 = 1;  𝑎 = 𝑉1
𝑝, ∀𝑝 ∈ 𝑃𝑟𝑠, ∀(𝑟, 𝑠)  
In a general cross-node, when a given link a is an incoming link to node n (𝑎 ∈
𝐴𝑛
𝑖𝑛), according to the node model, the perturbation arriving on link a from path p, 
(𝜉𝑎,𝑝) affects the reduction factors of all incoming links to node n (∀ 𝑎
′ ∈ 𝐴𝑛
𝑖𝑛). 
Since changes in reduction factors with respect to unit perturbation (∆𝜶+𝟏) are 
computed in the previous step of the algorithm, a linear approximation can provide the 
correspondent 𝜶𝒏𝒆𝒘with respect to 𝝃 = [𝜉𝑎,𝑝]. 
𝛼𝑎′,𝑝
𝑛𝑒𝑤 = (1 + 𝜉𝑎,𝑝 ∗ ∆𝛼𝑎′,𝑚𝑎,𝑏
+1 ) ∗ 𝛼𝑎′
𝑏𝑎𝑠𝑖𝑐; ∀𝑎′ ∈ 𝐴𝑛
𝑖𝑛, 𝑎 ∈ 𝐴𝑛
𝑖𝑛, 𝑏 ∈ 𝐴𝑛
𝑜𝑢𝑡    (5-12) 
In the above equation, 𝛼𝑎′,𝑝
𝑛𝑒𝑤 denotes the new reduction factor of link 𝑎′ as a 
result of perturbation on path p. 
However, due to potential bottlenecks, the unit flow may not be able to proceed 
all the way to destination (during unit time interval). The proportion of unit 
perturbation that will reach every link on the path is computed as: 
𝜉𝑎,𝑝 = ∏ 𝛼𝑙,𝑝
𝑛𝑒𝑤
∀𝑙∈𝜂𝑎𝑝 , ∀𝑎 ∈ 𝑉
𝑝, ∀𝑝 ∈ 𝑃𝑟𝑠, ∀(𝑟, 𝑠)                                     (5-13) 
where 𝛼𝑙,𝑝
𝑛𝑒𝑤 denotes the newly-computed reduction factors of links 𝑙, resultant 
from perturbing path p. This equation is consistent with equation (5-4), in which the 
product of reduction factors upstream of a link determines the link in-flow.  
The algorithm processes all movement 𝑚𝑎,𝑏 on the path sequentially (∀ 𝑚𝑎,𝑏 ∈
𝑀𝑝) where a and b are consecutive links on path p (𝑎 =  𝑉𝑖
𝑝, 𝑏 = 𝑉𝑖+1
𝑝  , 𝑎 ∈ 𝐴𝑛
𝑖𝑛, 𝑏 ∈
𝐴𝑛
𝑜𝑢𝑡); and computes 𝜶𝒏𝒆𝒘, for not only the links on the path (𝑎 ∈ 𝑉𝑝, 𝑎 ∈ 𝐴𝑛
𝑖𝑛) but 
also all other links 𝑎′ that share a node with links a (∀ 𝑎′ ∈ 𝐴𝑛
𝑖𝑛). 
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Figure 5.3.3-3 illustrates this stage of the algorithm: 
 
Figure 5.3.3-3- Computation of 𝛂𝐧𝐞𝐰for Links Affected by Perturbation on Path 
p 
As the algorithm processes each movement 𝑚𝑎,𝑏 on the path p, path externality 
at each node is computed for all paths 𝑝′ that share the same node with path p. 
The internality of path p and the total externality can be computed once all the 
movements on the path are processed. 
In equation (5-9), path travel time is computed as the summation of path free 
flow travel time and path delay. Therefore, the next step of the algorithm captures the 
changes in path delays, for all paths with updated link reduction factors. Examples of 
these paths are demonstrated in Figure 5.3.3-3, as external paths 1, 2, and 3. 
For this purpose, the new product of link reduction factors on paths 𝑝′ is 
computed as: 
?̇?𝑝′,𝑝
𝑛𝑒𝑤 =
 ?̇?
𝑝′
𝑏𝑎𝑠𝑖𝑐∗𝛼
𝑎′,𝑝
𝑛𝑒𝑤
𝛼
𝑎′
𝑏𝑎𝑠𝑖𝑐 , ∀𝑎
′ ∈ 𝐴𝑛
𝑖𝑛, ∀𝑝′ ∈ 𝑃𝑎′  , if 𝑝
′ ≠ 𝑝                                   (5-14) 
And the external delay increase on all paths 𝑝′ ∈ 𝑃𝑎′ is given by: 
∆𝐷𝑝′,𝑝
𝐸𝑥𝑡𝑒𝑟𝑛𝑎𝑙 =
𝑇
2
∗ (
1
?̇?
𝑝′,𝑝
𝑛𝑒𝑤 −
1
?̇?
𝑝′
𝑏𝑎𝑠𝑖𝑐) , ∀𝑎
′ ∈ 𝐴𝑛
𝑖𝑛, ∀𝑝′ ∈ 𝑃𝑎′  , if 𝑝
′ ≠ 𝑝             (5-15) 
In Figure 5.3.3-3, external path 1, as an example, shares node 𝑛1 with path p. 
The algorithm approximates the impact of path p on this external path by computing 
𝛼2,𝑝
𝑛𝑒𝑤 and accordingly updating the product of link reduction factors on path 1. 
However the reduction factor on link 12, which is on the external path but is not an 
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immediate in-link to node 𝑛1, remains constant at 𝛼12
𝑏𝑎𝑠𝑖𝑐. The reason behind this lies 
in the assumptions of the QDNL model; where queues are assumed to form vertically 
(point queues) and potential spillback is not explicitly modelled. 
The red dashed line in Figure 5.3.3-3, shows the extent to which the impact of 
path p on the external paths 1, 2 and 3 is taken into account.  
Once all the movements on path p are processed, the total externality of the path 
is computed, using the changes in delay and the path flow that will experience that 
delay: 
𝐸𝑝(𝐟) = ∑ ∑ ∑  ∆𝐷𝑝′,𝑝
𝐸𝑥𝑡𝑒𝑟𝑛𝑎𝑙 ∗ 𝑓𝑝′∀𝑝′∈𝑃𝑎′\𝑝∀𝑎′∈𝐴𝑛𝑖𝑛∀𝑚𝑎,𝑏∈𝑀𝑝                            (5-16) 
To compute the internality, the new product of reduction factors and the changes 
in delay on path p are computed as follows: 
?̇?𝑝
𝑛𝑒𝑤 = ∏ 𝛼
𝑎",𝑝
𝑛𝑒𝑤
∀𝑎"∈𝑉𝑝
                                                                                  (5-17) 
∆𝐷𝑝
𝐼𝑛𝑡𝑒𝑟𝑛𝑎𝑙 =  
𝑇
2
∗ (
1
?̇?𝑝
𝑛𝑒𝑤 −
1
?̇?𝑝
𝑏𝑎𝑠𝑖𝑐)                                                                (5-18) 
The internality of path p is, by definition, the summation of the additional delay 
that the current path flow experiences and the travel time of the additional vehicle. The 
changes in delay on path p is experienced both by the current assigned path flow and 
the added vehicle. Thus the added vehicle has a travel time of 𝐶𝑝(𝐟) + ∆𝐷𝑝
𝐼𝑛𝑡𝑒𝑟𝑛𝑎𝑙 and 
internality is: 
𝐼𝑝(𝐟) =  ∆𝐷𝑝
𝐼𝑛𝑡𝑒𝑟𝑛𝑎𝑙 ∗ 𝑓𝑝 + (𝐶𝑝(𝐟) + ∆𝐷𝑝
𝐼𝑛𝑡𝑒𝑟𝑛𝑎𝑙)                                        (5-19) 
Path internality and total externality define the total PMC as: 
𝑃𝑀𝐶𝑝(𝐟) = 𝐼𝑝(𝐟) + 𝐸𝑝(𝐟)                                                                            (5-20) 
The pseudocode for the procedure explained above, can be found in Appendix 
B. 
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 COMPUTATIONAL ADVANTAGES 
At every iteration of search for the least marginal cost paths, the proposed PMC 
approximation initially computes and stores the changes in the link reduction factors 
due to unit perturbations on all existing movements at all nodes (∆𝜶+𝟏), one movement 
at a time. This computation is done only once at every iteration and independent of the 
O-D paths. Therefore, the computational cost of this stage increases only linearly with 
the size of network. Moreover, since nodes are processed individually, parallel 
processing becomes possible for higher efficiency. 
Next, for each O-D pair, the algorithm computes 𝑃𝑀𝐶𝑝 (𝐟) by moving along 
every O-D path p, looking up the stored ∆𝜶+𝟏 and accordingly approximating the 
travel time of path p and all crossing paths. Without this store-and-look-up 
approximation technique, PMC approximation would entail moving along each O-D 
path and running the node model for every node along the path with perturbed link 
demands. As a matter of fact, we are reducing the computational time significantly by 
factoring out the procedure of solving the node models for every path, and performing 
this process only once and independently of the number of paths.  
To compute the externality of one path, p, at every iteration of the MSA, the 
proposed algorithm needs to estimate changes in travel times of all (and only) crossing 
paths, 𝑝′. This will require computation of ?̇?𝑝′,𝑝
𝑛𝑒𝑤  for all crossing paths 𝑝′. For a large-
scale transportation network, with more O-D pairs and more paths per O-D, this 
number may become very large and slow down the computation. Most common 
applications of a system optimal model are usually in the operational scope (corridor 
level, zone level, etc.), meaning that maximum size of the network model may not 
always reach the size of a regional/strategic travel demand model. Therefore, we 
anticipate that the proposed algorithm be effective in solving limited size operational 
problems. 
 CASE STUDY, RESULTS AND DISCUSSION 
In order to evaluate the performance of the proposed SOQDTA algorithm, we 
have applied it to the test network of the medium-sized city of Sioux Falls. This 
network has been used in transportation studies several times (Lam & Zhang, 2000; 
LeBlanc et al., 1975; Morlok, 1973), to evaluate the performance of different traffic 
assignment models. The specific version of the Sioux Falls network, used in this study, 
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was originally used by LeBlanc et al. (1975) and is accessible via Transportation Test 
Problems (Bar-Gera). 
In order to provide a basis for comparison, we have initially computed the user 
equilibrium quasi-dynamic traffic assignment (UEQDTA) and SOQDTA solutions for 
the network, under incident-free conditions; and compared the total system travel times 
(objective values) at each MSA iteration.  
Next, we have simulated two incident scenarios on one network link, with two 
different lane blockage assumptions. Moving from a do-nothing to a SO scenario, the 
improvements made in the total system travel time and the changes in link reduction 
factors have been demonstrated. Computational times are also reported. 
 SOQDTA versus UEQDTA 
The Sioux Falls test network, presented in Figure 5.5-1, has 24 nodes and 76 
links. The O-D demand matrix used in this study represents the all-to-all node demand 
for one hour during the peak period with a total of 360,600 trips. A total of 3,125 paths 
have been generated for 528 non-zero O-D demand pairs, using the path set generation 
algorithm by Nassir et al. (2014). 
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Figure 5.5-1 The Blank Sioux Falls Network (figure adopted from Ma et al. (2015)) 
 
We have used the MSA (presented in Appendix A) with one hundred iterations, 
to compute both the UEQDTA and SOQDTA solutions. In step 2 of the MSA 
algorithm, the O-D paths with the least PMC will be chosen to obtain the SOQDTA 
solution; whereas in the same step, the O-D paths with the least travel times are chosen 
to obtain the UEQDTA solution. 
The values of total system travel time under UE and SO assumptions have been 
demonstrated over the MSA iterations in Figure 5.5-2.  
Like all quasi-dynamic models with residual queues, our model also assumes no 
queues at the beginning of the time interval (Bliemer et al., 2014), and is thus applied 
best to the whole peak period. Accordingly, all PMCs are equal to the path free flow 
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travel times at the first assignment iteration, and the total system travel time is initially 
equal for UEQDTA and SOQDTA. However, in the next MSA iterations the SOQDTA 
constantly leads to lower total system travel times compared to UEQDTA. After one 
hundred iterations, total system travel times are 1.26 ∗ 107and 1.2 ∗ 107 minutes 
under UE and SO, respectively, demonstrating a total improvement of about 4.8%. 
Coded in C++, on a notebook computer with Intel® Core™ i7 @ 2.6 GHz 
running Windows 7 32-bit, using a single thread, the computational time of each MSA 
iteration is 0.48 second for UEQDTA; and 3.50 seconds for the proposed SOQDTA. 
The 3.50 seconds for SOQDTA include PMC approximation, solving the least 
marginal cost problem, finding the new assignment solution and loading the solution 
onto the network (the QDNL). 
 
Figure 5.5-2 SOQDTA vs. UEQDTA Total System Travel Time (minutes) for 
the Test Network of Sioux Falls 
The fluctuation of the SO objective value along the MSA iterations observed in 
Figure 5.5-2 is because: 1) the descent direction computed based on PMCs is 
approximate, and 2) the MSA step size in the descent direction is not necessarily 
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optimized.  However, the SO trend line is demonstrating an overall decreasing pattern 
and SO objective values are constantly lower than the UE. This observation 
demonstrates that moving in the direction of the approximated PMCs leads to an 
improved total system travel time (objective value); hence the algorithm is capable of 
providing a reliable and practical approximation of PMCs. Future research may focus 
on modifying the step size in descent direction in order to improve the efficiency of 
SO computation. 
As previously discussed, according to Wardrop’s second principle (Wardrop, 
1952), in path-based SO traffic assignment solutions, the PMC on all the used paths 
among each O-D pair are equal, and less than or equal to the PMC of any unused paths 
between the same O-D. The SO relative gap function value is thus defined using the 
following equation for each assignment iteration i: 
𝐺(𝑖) =
∑ ∑ 𝑓𝑝∗(𝑃𝑀𝐶𝑝(𝐟)−𝜇
𝑟𝑠)
∀𝑝∈𝑃𝑟𝑠∀(𝑟,𝑠)
∑ ∑ 𝑓𝑝∗𝜇
𝑟𝑠
∀𝑝∈𝑃𝑟𝑠∀(𝑟,𝑠)
                                                                          (5-21) 
 where 𝜇𝑟𝑠 = 𝑚𝑖𝑛𝑝∈𝑃𝑟𝑠𝑃𝑀𝐶𝑝(𝐟) , ∀(𝑟, 𝑠). 
 
Figure 5.5-3 Relative Gap Function Value at each MSA Iteration 
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As depicted in Figure 5.5-3, the relative gap reaches 0.01 after 100 MSA 
iterations, demonstrating that the algorithm is converging to a SO solution. 
A sensitivity analysis has been performed on the perturbation size, for values 
ranging between 0 and 5, in intervals of 0.1 units (Figure 5.5-4). It is observed that the 
optimal objective value achieved by different values of perturbation is generally 
increasing (worsening) in a step-like function. This is consistent with intuition, as 
increasing the perturbation size, should make the PMC approximation less accurate 
due to the fact that smaller (than perturbation size) changes in O-D flows, which could 
potentially yield a better objective value, may be undetected in the PMC 
approximation with a not small enough perturbation size. Therefore a smaller 
perturbation size is preferred to guarantee the solution quality. 
 In this particular case study, we observe that as long as the perturbation size is 
smaller than 1.6, the algorithm will perform efficiently in 100 MSA iterations. In 
general, given that the flow changes in MSA are proportional to the O-D demand and 
inversely proportional to the iteration number, a sufficiently small perturbation size 
should be computed based on O-D demands and the maximum number of iterations 
that MSA is run for. 
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Figure 5.5-4 Optimal Objective Value Obtained after 100 MSA Iterations Using 
Different Values of Perturbation 
 
 Incident Scenarios 
1) Incident Scenario 1 
Two different incident scenarios have been modelled to demonstrate the 
credibility of the proposed SOQDTA framework to obtain SO path flows that improve 
total travel time in comparison with a do-nothing scenario. In the first scenario, an 
incident has been simulated on link 34, which lasts one hour and reduces link capacity 
to two thirds. The capacity on link 34 is originally 4,877 veh/hr and is thus reduced to 
3,250 veh/hr in this scenario. 
Under the do-nothing scenario, drivers are assumed to have no prior knowledge 
of the incident and, thus the path flows are equal to the UE path flows. However, the 
reduced incident link capacity will affect the propagation of UE path flows in the 
network. In order to simulate this situation, first the UE path flows are computed 
(UEQDTA) in an incident-free network, then the incident link capacity is reduced, and 
the UEQDTA path flows are loaded on the network with the new capacity (QDNL) to 
obtain the total system travel time. 
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 112 The SOQDTA Model 
As presented in Table 5.5-1, the SO solution leads to 4.7% reduction in total 
system travel time in incident scenario 1.  
 
Figure 5.5-5 Link Reduction Factors under Do-Nothing and SOQDTA 
Scenarios, Incident 1 
Figure 5.5-5 demonstrates the changes made to link reduction factors as a 
measure of the link throughput. The SO solution increases link reduction factors on 
some links and decreases them on some other, for a generally improved total system 
travel time. To mention a few examples in Figure 5.5-5, the SO link reduction factors 
increased on links 34 (incident link), 27 and 10 (upstream incident links), and 
decreased on links 33 and 37. 
Table 5.5-1-Total System Travel Times (minutes) under Different Scenarios 
 
2) Incident Scenario 2 
In the second scenario, an incident occurs on link 34 and reduces the capacity to 
one third. In this scenario the extent of blockage on the link is higher and thus; the 
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difference between the do-nothing and SOQDTA solutions is expected to be more 
significant compared to the first incident scenario. As shown in Table 5.5-1, in this 
scenario the SOQDTA leads to a 16.1% improvement in the total system travel time 
and improves link reduction factors more significantly throughout the network, 
specifically upstream of incident location. 
 
Figure 5.5-6 Link Reduction Factors under Do-Nothing and SOQDTA 
Scenarios, Incident 2 
Figure 5.5-6 demonstrates the improvements made in the reduction factor of the 
incident link as well as links 36, 10 and 27, which are immediate upstream links of the 
incident with positive turn demand to this link. Other links with improved reduction 
factors include 59, 61, 73 etc. 
The improvements made in the scenarios above, suggest that the algorithm can 
provide traffic management systems with an efficient analytical tool to facilitate traffic 
re-routing decisions during the course of incidents. 
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 CHAPTER CONCLUSIONS AND FUTURE RESEARCH 
We have proposed, developed and tested a computationally efficient path-based 
SOQDTA framework, and a new PMC approximation algorithm for solving it. The 
framework incorporates a QDNL model that captures the realism of traffic propagation 
through a first-order node model.  
The proposed quasi-dynamic model benefits the computational efficiency of 
static models, yet considers capacity constraints, residual vertical/point queues and 
observes the FIFO principle. Being path-based, the model does not lead to issues such 
as flow holding in the network, and can be solved using conventional UE traffic 
assignment algorithms for many-to-many networks. 
The resultant SO traffic flow pattern can have a variety of applications from 
regular traffic management to incident traffic re-routing and disaster evacuation. The 
corresponding minimum total system travel time also provides a benchmark for 
evaluating potential benefits of different traffic management strategies. 
We have applied our proposed model to Sioux-falls test network. The results 
demonstrate that the model is capable of providing reliable estimates of the PMC and 
can be used for SO traffic management. The obtained SO solution demonstrated 
improvements from the UE solution both under incident-free and incident scenarios. 
The more the extent of the incident, the higher the total travel time savings under SO 
traffic assignment. 
For the incident-free SO solution, the values of the relative gap function were 
also reported which demonstrated the convergence at 0.01 level after 100 MSA 
iterations. A sensitivity analysis of the perturbation size was also performed and 
demonstrated that the optimal objective value achieved by different values of 
perturbation is generally increasing (worsening) in a step-like function. Therefore, the 
perturbation size should be chosen small enough to guarantee the solution quality. In 
general, given that the flow changes in MSA are proportional to the O-D demand and 
inversely proportional to the iteration number, the perturbation size should be selected 
based on O-D demand levels and the maximum number of iterations. 
As a possible direction for future research, we identify testing and analysis of 
different solution finding algorithms, which in the current model is done by a generic 
MSA. Adjustments of the step size in the solution finding process is of particular 
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interest and expected to further improve both the computational efficiency and the 
quality of solution of the proposed SOQDTA.  
To further complement the present research from the perspective of 
implementation, one can explore practical implications of applying the proposed 
algorithms to incident traffic re-routing scenarios in practice. Especially, the recent 
advancements in connected and autonomous vehicle technologies, and new 
possibilities for advisory traffic information provision, can open up new opportunities 
to reconcile the state-of-the-art in SO traffic modelling with the state-of-practice in 
traffic management. 
The present study does not account for traffic signals. The incorporation of 
signals through capacity adjustments will be also considered in the future research. 
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6 Thesis Conclusions and Future Research 
 CONCLUSIONS 
The aim of this research was to improve the state of art and practice in incident 
traffic modelling and re-routing as part of the wider knowledge of ITM. 
Stage 1 of this dissertation comprehensively examined incident duration and its 
contributory factors, in view of utilizing this knowledge in developing efficient 
incident traffic re-routing frameworks.  
In particular, a set of parametric Accelerated Failure Time (AFT) hazard-based 
models were developed to provide in-depth insights into how the crash-specific 
characteristic and the associated temporal and infrastructural variables impact the 
duration. AFT models with both fixed and random parameters were calibrated on one 
year of traffic crash records from two major Australian motorways in South East 
Queensland and the differential effects of determinants on crash survival functions 
were studied on these two motorways individually. 
A comprehensive spectrum of fixed parameter AFT models, including log-
logistic, Weibull, Weibull with Gamma heterogeneity, generalized Gamma and 
generalized F families, were compared to random parameter log-logistic and Weibull 
AFT models in terms of goodness of fit to the duration data and it was found that the 
random parameter Weibull AFT model outperformed the other candidate models. The 
generalized F model —as a structure that nests many other parametric distributions— 
has been shown to outperform its nested parametric structures in a previous relevant 
research by Ghosh et al. (2014) that modelled freeway incident clearance times. Our 
study however provided further basis for the comparison between the goodness of fit 
of the generalized F model and random parameter models to incident duration data. 
Here as well, the generalized F model exhibited the best fit to the data among the fixed 
parameter models; but was outperformed by the random parameter Weibull AFT 
model.  With the least AIC, the Weibull random parameter model was selected as the 
best fit to the data.  
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Random parameter models also offer the additional advantage of capturing the 
unobserved heterogeneities in the impact of explanatory variables on crash duration. 
In the selected model, the means and the standard deviations of the random parameters 
involved was used to estimate the probability of the associated variables having a 
positive or negative impact on the duration.  
In the selected model, a variety of explanatory variables were identified 
significant in determining the duration, among which traffic diversion requirement 
(estimated coefficient: 0.54), attendance of Roadtek due to infrastructure damage 
(estimated coefficient: 0.362), injuries (estimated coefficient: 0.314), transfers to 
hospital (estimated coefficient: 0.231) and involvement of heavy vehicles (estimated 
coefficient: 0.238) stood out as most significant. The inclusion of variables ‘transfer’ 
and ‘Roadtek’ is unique to the present study, as the impact of these variables on the 
duration has not been explicitly captured in the available literature. 
In order to obtain a more evident and practical demonstration of how every 
significant model variable influences the probability of a crash lasting longer than a 
certain duration, the Weibull survival functions were precisely calculated using the 
mean values of estimated random parameters. Since motorway 1 exhibited 
significantly shorter durations compared to motorway 2, the survival curves were 
plotted separately for these two motorways. The survival function curves were 
compared for baseline conditions - where all the categorical variables were set to zero 
- as well as the conditions representing each explanatory variable at a time, and 
additionally, conditions indicating the combination of relevant explanatory variables. 
These comparisons provided strong basis for analysing the differential effects of 
determinants on crash duration, i.e. how a single explanatory variable or the 
combination of relevant explanatory variables can impact the probability of a crash 
lasting longer than a certain duration, at every point in time.  
Interestingly, these differential effects exhibited different magnitudes on 
motorways 1 and 2, meaning that crash durations and the impact of their associated 
variables vary across motorways. Motorway 2 is a mostly tolled road, operated by a 
toll road operator, whereas motorway 1 is public road operated by the Department of 
Transport and Main Roads (DTMR). The significant difference witnessed in incident 
durations on the two motorways can be partly explained by the different ownerships 
of the roads, resulting in different incident response strategies, procedures and 
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resources. The infrastructural differences between the two roads also contribute to the 
duration dissimilarities. This valuable information can assist incident management 
systems to improve resources allocation along different motorways 
Furthermore, due to the log-linear structure of AFT models, the simultaneous 
presence of a combination of model’s explanatory variables in the survival function 
was demonstrated to have a rather multiplicative than cumulative impact on the 
survival probabilities. 
At a practical level, the econometric models and survival analysis presented in 
stage 1 can provide incident response operators with a tool to assist the decision 
making process for efficient resource and crew allocation across the studied 
motorways and different types of crashes. The selected AFT models and the 
consequent survival analysis can also be used to evaluate the performance of the 
incident management system in response to different types of incidents.  
At a policy making level, these evaluations can be used to decide upon future 
interventions in response and clearance operations or to introduce new restrictions on 
the type of vehicles allowed on roads,  road speed limits, etc. The potential impacts of 
future modifications can also be estimated by the help of such models. Furthermore, 
the actual impact of implemented policies can be studied through re-calibration of such 
models once sufficient data becomes available for the before-after analysis. The fixed 
parameter models introduced also allow for real-time crash duration estimation.  
The resultant crash duration estimations have also been utilized in our study to 
inform stage 2 of this research and determine the planning horizons in the ITM 
frameworks proposed.  
The outcomes of stage 1 considerably informed the design of stage 2 of this 
study. The variable “diversion requirement” was shown to have the highest impact on 
duration, i.e. crashes that required diversion were shown to last significantly longer. 
Although the diversion requirement implies a more severe incident, the significance 
of this variable also draws attention to potentially inefficient diversion practices (as 
also demonstrated by the literature), leading to queue build-up upstream of incidents 
and interruption in response and clearance procedures. Hence we dedicated the 
remainder of this dissertation to developing efficient “System Optimal” traffic 
assignment frameworks with specific application to incident traffic re-routing. 
119 
 
Thesis Conclusions and Future Research 119 
In stage 2, we initially proposed an analytical ITM framework for freeway 
incident modelling and traffic re-routing. The proposed framework incorporates a 
selected fixed parameter duration model developed in stage 1, and a traffic re-routing 
optimization module. The incident duration model was used to estimate the expected 
duration of the incident and thus determine the planning horizon for the re-routing 
module. The re-routing module is an efficient CTM-based Single-Destination System 
Optimal Dynamic Traffic Assignment model that generates optimal real-time and 
time-dependent strategies of re-routing freeway traffic to its adjacent arterial network 
during incidents.  
The proposed SODTA formulation is based on the linear program proposed by 
Ziliaskopoulos (2000) which uses the traffic flow propagation rules of the well-known 
CTM (Daganzo, 1994, 1995). Being linear, the proposed SODTA model is very 
computationally advantageous and can be efficiently solved using the well-known 
Simplex algorithm by Dantzig (1998). 
We have extended the formulation in Ziliaskopoulos (2000) in our study, to 
account for arterial background traffic flows, densities and signal control, while re-
routing the freeway traffic to the adjacent arterial network. 
Using simulated incident scenarios, the proposed framework was applied to a 
case study network including a freeway and its adjacent arterial network in South East 
Queensland, Australia. The results from different scenarios of freeway demand 
(morning peak, afternoon peak and night off-peak) and incident blockage extent (one, 
two and three lanes blocked out of three freeway lanes) were analysed and the 
advantages of the proposed framework were demonstrated.  
Scenario results indicated how the proposed optimal routing strategies and travel 
time savings are sensitive to different freeway demand values, background traffic 
situation and the extent of incident blockage. As inferred from the case study results 
in Table 4.4-1, the travel time savings can range between zero percent and the 
significant value of 73.71% during the 2-hour planning horizon. In general, the savings 
increase as the freeway demand increases. However, these savings are bounded to a 
certain level, determined by the limited capacity of the arterial network in 
accommodating the re-routed flow.  
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The re-routing module was executed using MOSEK optimization tool in 
MATLAB. The computational time of the re-routing module is in most scenarios less 
than one minute (varies between 24 and 75 seconds) on a desktop computer with 
Intel® Core™ i7-3770 CPU @ 3.4GHz on a 64-bit operating system. The 
computational efficiency of this algorithm makes it a viable option for real-time ITM 
applications.  
The contributions of this part of the research are twofold. The first contribution 
relates to the proposed framework. The proposed ITM framework predicts the duration 
of incident to determine the planning horizon for the re-routing module and manages 
the traffic re-routing accordingly. This can considerably facilitate real-time ITM.  
The second contribution of this research lies within the re-routing module. Being 
linear, the proposed SODTA model is very computationally efficient and thus suitable 
for real-time applications.  
The dynamic flow propagation constraints in the CTM-based single-destination 
SODTA re-routing linear program were adjusted to account for the background arterial 
traffic densities and flows, when re-routing the incident affected traffic from the 
freeway to the adjacent arterials. This consideration is necessary to avoid creating 
gridlocks in the arterial network while utilizing the maximum remaining capacity of 
the network.  Background traffic provision also allows for the re-routing module to be 
flexible with the input choice of the adjacent arterial network.  
Despite the aforementioned benefits, there are some challenges associated with 
using the CTM-based single-destination SODTA. First and foremost, the formulation 
is designed to solve a single-destination problem. This characteristic is not limiting for 
freeway incident traffic re-routing, as it is feasible to identify a single node 
downstream of the incident location and re-route the freeway traffic to that node. 
However, in the context of generic network incident management applications with 
multiple origin-destination pairs (many-to-many networks), a general many-to-many 
traffic assignment models is desired. Possible generalizations of the above single-
destination CTM-based  model to a multiple-destination problem may lead to FIFO 
rule violations (Sawaya et al., 2005), and will considerably increase the computational 
time, by increasing the number of traffic flow variables (x and y) to capture all 
destinations in the network. 
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To overcome these challenges, in Chapter 5, we developed a system-optimal 
traffic assignment model, for generic many-to-many O-D networks. We developed, 
coded and tested an efficient and state-of-the-art path-based System-Optimal Quasi-
Dynamic Traffic Assignment (SOQDTA) model that benefits from the computational 
efficiency of static traffic assignment models, yet captures the realism of traffic flow, 
with less complexity and computational burden, when compared to dynamic traffic 
assignment models. The SOQDTA model incorporates a newly-proposed quasi-
dynamic network loading (QDNL) procedure by Bliemer et al. (2014). The QDNL 
model is solved as a fixed point problem which incorporates a first order node model. 
The node model is utilized to compute realistic turn capacities by modelling the 
interactions between downstream capacity constraints (supply) and the flows 
(demands) and capacities of all the links competing for the limited downstream 
capacity. The resultant turn capacities are then used to determine consistent capacity 
constrained traffic flows, residual point queues (vertical queues) upstream bottleneck 
links, and path travel times consistent with queuing theory.  
Furthermore, the utilized node model in the QDNL model can properly meet the 
FIFO requirement (alongside all other requirements of generic node models explained 
in section 2.3.2) and prevent traffic holding issues.  
To solve the proposed SOQDTA problem, we developed a novel and efficient 
Path Marginal Cost (PMC) approximation algorithm, designed for the QDNL model. 
We then applied this SOQDTA model to the test network of Sioux Falls, in South 
Dakota, USA, and demonstrated that the proposed framework results in system 
optimal traffic flow patterns that improve total system travel times, both under 
incident-free and incident scenarios.  
The proposed quasi-dynamic model benefits the computational efficiency of 
static models, yet considers capacity constraints, residual point queues and the FIFO 
principle. Being path-based, the model does not lead to issues such as flow holding in 
the network, and can be solved using conventional UE traffic assignment algorithms 
for many-to-many networks (such as the Method of Successive Averages, used in the 
present study). 
The proposed and developed SOQDTA model is novel and unique as, to the best 
of our knowledge, there exist no system optimal traffic assignment models in the 
literature that can address the main shortcomings in the capacity constrained traffic 
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assignment models. The proposed model provides an unprecedented balance between 
unconstrained static traffic assignment models, and complex dynamic traffic 
assignment models, as explicitly discussed in Chapter 5. 
The applications of the SOQDTA model are not bound to ITM and can range 
from recurrent traffic management practices, such as congestion pricing and traffic 
control/information systems, to other disrupted traffic management, such as 
evacuation scenarios. With recent advancements in information and communication 
technologies, vehicle automation and vehicle/infrastructure connectivity, possibilities 
emerge for communicating and enforcing advanced traffic routing directions for 
efficient utilization of existing traffic network capacities. Therefore, the task of finding 
optimal traffic directions becomes more essential, as the required technologies will be 
available to facilitate the implementation and enforcement of optimal directions, 
regardless of possible complexities. The research efforts reported in this thesis study 
and propose methodologies for finding optimal traffic directions within reasonable 
computational times, in order to apply to real-time decision making scenarios. 
 ANSWERS TO RESEARCH QUESTIONS 
6.2.1 Stage 1 
 Research Question 1.1: What are the significant variables affecting 
incident duration?  
Stage 1 of this dissertation studied and modelled motorway crash duration based on a 
dataset obtained from two main South East Queensland motorways, Pacific and 
Gateway Motorways (motorways 1 and 2 respectively). The dataset contained 
information on the duration of 677 crashes on the aforementioned motorways during 
the full year 2013; together with a variety of crash-specific characteristics and the 
associated temporal and spatial specifications.  
Significant explanatory variables of motorway crash duration –identified through the 
calibrated models– included traffic diversion requirement due to the incident, the 
motorway on which the incident happens, injury occurrence, number and type of 
vehicles involved in the crash, day of week and time of day, towing support 
requirement and attendance of ‘Roadtek’ (a provider of transport infrastructure 
services) as a result of damage to the infrastructure.  
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Research Question 1.2: How can the potential heterogeneity in duration data be 
captured? (The comparison between fixed parameter models, fixed parameter 
models with heterogeneity consideration and random parameter models). 
We compared a wide range of fixed parameter, and random parameter models in 
terms of goodness of fit to the motorway crash dataset. Fixed parameter models 
included the comprehensive spectrum of log-logistic, Weibull, Weibull with Gamma 
heterogeneity, generalized Gamma and generalized F parametric assumptions and 
random parameter models included log-logistic and Weibull parametric assumptions. 
The Weibull model with Gamma heterogeneity and the random parameter 
models were specifically utilized to capture the potential unobserved heterogeneities 
in the duration dataset. 
The fixed parameter generalized F model exhibited the best fit to the data among 
the fixed parameter models; but was outperformed by the random parameter Weibull 
AFT model.  With the least Akaike-Information Criterion (AIC), the Weibull random 
parameter model was selected as the best fit to the data while also capturing the 
existing duration heterogeneity in the dataset. 
 Research Question 1.3: Do durations vary across motorways? If so, how 
do durations vary across motorways? 
A major finding of this research is that the motorways under study are 
significantly different in terms of crash durations; such that motorway 1 exhibits 
durations that are on average 19% shorter compared to the durations on motorway 2. 
The differential effects of explanatory variables on crash durations are also different 
on the two motorways. The detailed presented analysis confirms that, looking at the 
motorway network as a whole, neglecting the individual differences between roads, 
can lead to erroneous interpretations of duration and inefficient strategies for 
mitigating travel delays along a particular motorway. 
 Research Question 1.4: What are the individual and simultaneous 
differential effects of the identified explanatory variable on incident 
survival probabilities? 
Aiming an evident and practical demonstration of how every significant model 
variable influences the probability of a crash lasting longer than a certain duration, the 
Weibull survival functions were precisely calculated using the mean values of random 
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parameters estimated by the selected AFT Weibull random parameter model. Since 
motorway 1 exhibited significantly shorter durations compared to motorway 2, the 
survival curves were plotted separately for these two motorways. The survival function 
curves were compared for baseline conditions - where all the categorical variables 
were set to zero - as well as the conditions representing each explanatory variable at a 
time, and additionally, conditions indicating the combination of relevant explanatory 
variables. These comparisons provided strong basis for analysing the differential 
effects of determinants on crash duration, i.e. how a single explanatory variable 
(determinant) or the combination of relevant explanatory variables can impact the 
probability of a crash lasting longer than a certain duration. Interestingly, these 
differential effects exhibited different magnitudes on motorways 1 and 2. Hence, as 
previously mentioned, the results explicitly demonstrated that crash durations and the 
impact of their associated variables do actually vary across motorways. This valuable 
information can assist incident management systems to better utilize their resources 
along different motorways rather than allocating a uniformly distributed amount of 
resources to all motorways. 
Furthermore, due to the log-linear structure of AFT models, the simultaneous 
presence of a combination of model’s explanatory variables in the survival function 
was demonstrated to have a rather multiplicative than cumulative impact on the 
survival probabilities. 
 
6.2.2 Stage 2 
The objectives identified for Stage 2 will also be achieved through answering 
the following research questions: 
 Research Question 2.1: What are the key components of an efficient 
incident traffic-rerouting framework? 
The following figure (generalised from Chapter 4) demonstrates the key 
components that are identified in this thesis for an incident traffic re-routing 
framework.  
Incident information such as incident-specific characteristics, location, time, 
blockage extent, the necessity of traffic re-routing, etc. form the initial set of inputs 
into the incident duration model.  
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The incident duration model is required to determine (predict) the planning 
horizon for the traffic re-routing module.  
The implementation of the re-routing module also requires additional 
information. Main inputs include data such as the network structure, the traffic O-D 
demand data, and, if required, historical network traffic flows and densities. 
Having the planning horizon from the duration model, the network structure and 
demand data, the traffic re-routing module (whether SODTA or SOQDTA) determines 
the System Optimal traffic flow pattern to achieve the minimal total system travel time.  
Figure 6.2-1- A Generic Proposed ITM Framework, (Generalised from Chapter 
4) 
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 Research Question 2.2: What is the most beneficial category of traffic 
assignment models (static, dynamic or quasi-dynamic traffic 
assignment) for capturing the dynamics of traffic flow, when developing 
incident traffic re-routing models? What level of precision is suggested 
in capturing the dynamics of traffic flow when developing traffic re-
routing models? 
 SO and UE traffic assignment problems, have been widely studied under both 
static and dynamic traffic flow assumptions. Despite the growing interest in the 
development and application of dynamic traffic assignment (DTA) models, static 
traffic assignment (STA) models are still widely used, especially in strategic and 
regional transportation planning, due to higher efficiency and scalability; and lower 
computational complexity. The computational efficiency of a traffic assignment model 
becomes even more crucial in real-time decision making applications such as 
emergency evacuations and incident management, compared to long-term strategic 
transportation planning and operational applications. 
In traffic assignment, whether static or dynamic, the assumptions regarding the 
propagation of flow in the network (network loading) highly affect the model outputs. 
Therefore, besides computational efficiency; the ability of an assignment model in 
capturing the realism of traffic flow propagation plays a critical role in determining 
the quality of solution outputs. 
In classic STA models, no link capacity constraints are presumed and the impact 
of traffic congestion is only captured through increased link travel times. In addition, 
other complexities of traffic flow realism such as queue formation, dissipation, and 
spill-back, or traffic shockwave propagation are usually ignored in static models, 
which may lead to unrealistic path travel times and flows. In order to reflect such 
complexities, dynamic traffic flow models were introduced to reasonably capture these 
phenomena. This is achieved by introducing the dimension of time and keeping track 
of traffic flow propagation over time, via complex analytical formulations or 
simulation. However, the computational complexity of dynamic models has limited 
real-time applications to SO traffic incident management. Particularly, when 
considering multi-destination network applications (many-to-many origin-
destinations) such complexities prohibit fast computations that is necessary for real-
time management decisions. 
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As a result, in this research we propose to use a recently developed quasi-
dynamic traffic flow model that can be considered a middle-ground between 
computational efficiency and modelling accuracy. The proposed model in Chapter 5 
benefits from the computational efficiency of STA, yet provides realistic turn flows, 
path flows and path travel times, using a precise incorporated node model. The 
incorporation of the node model in this quasi-dynamic assignment model is the most 
effective effort in improving the precision of static models, as discussed in Section 
2.3.1. 
 Research Question 2.3: How beneficial is traffic re-routing under 
different incident scenarios/or when is re-routing most beneficial? 
As demonstrated through the two different case studies presented in Chapters 4 
and 5, generally, the more the traffic demand at the time of incident, the more savings 
in total system travel time can be achieved through a SO traffic re-routing module. 
Similarly the more the extent of road blockage as a result of the incident, the more 
savings can be achieved through SO traffic re-routing.  However, this increasing trend 
in total travel time savings continues up until a certain threshold where the maximum 
capacity of the network is being optimally utilized.  
Research Question 2.4: How much can the developed system optimal traffic 
re-routing frameworks reduce the total cost (total system travel time) 
compared to the do-nothing scenarios? 
As previously explained, total potential travel time savings resultant from 
incident traffic re-routing strategies vary depending on the extent of incident blockage 
and the network traffic demand at time of incident. 
 In Chapter 4, we applied our single-destination CTM-based SODTA model to a 
major freeway stretch and its adjacent arterial network and examined nine different 
incident scenarios at different levels of blockage and traffic demand. The results 
demonstrated that the total saving may vary  as low as zero percent for and incident on 
the freeway during night off-peak time, as long as only  1 or 2 lanes out of three 
freeway lanes are blocked. Meaning that the remaining freeway capacity is still able 
to accommodate the freeway demand and there is no need for traffic to be re-routed to 
the adjacent arterial network. However, once an incident blocks all the freeway lanes, 
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during the same night off-peak time, re-routing the freeway demand to the arterial can 
lead to the significant savings of 73.7% in total system travel time. 
In Chapter 5, we applied our proposed SOQDTA model to the generic medium-
sized Sioux Falls test network, considering all-to-all node demand for one hour during 
the peak period with a total of 360,600 trips.  
We initially examined an incident-free scenario to study the improvements made 
by a SO model, compared to a UE state at which the network would operate without 
intervention. The SOQDTA model let to 4.8% reduction in total system travel time 
compared to the UEQDTA model. 
Next, we examined two different incident scenarios during the peak demand 
period. The first incident scenario blocked only one lane out of three on a network link. 
Total savings obtained from this scenario were 4.7%.  
The second incident scenario blocked two lanes out of three lanes on the same 
network link. Under this scenario, the model led to 16.1% saving in total system travel 
time. As expected the total savings increased as the incident blockage extent increased. 
However, as previously explained, the saving will be bound to a certain extent, 
determined by the total network capacity and traffic demand. 
 
 FUTURE RESEARCH 
Probably the most immediate research that would be imagined for this thesis is 
to explore possible and practical methods to implement the system optimal traffic 
routing strategies in real-time incident situations. As discussed throughout this thesis, 
there exists a clear gap between the state of the art in system optimal traffic assignment 
models and the state of practice in traffic management. The rapidly rising connected 
and autonomous vehicle technologies would possibly pave the path for enforcing 
advanced traffic advisory information to drivers/autonomous vehicles. This highlights 
the need for development and implementation of realistic, yet computationally 
efficient, SOTA models to be used in real-time traffic management. This thesis has 
focused on developing such methodologies; however, developing strategies to 
successfully convey traffic advisory and route choice information to drivers/vehicles 
remains a very important research topic in this area. Such implementation strategies 
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may include determining the location and proportion of the traffic to be re-routed at 
feasible re-route nodes in the network. 
In terms of estimating the duration of traffic incidents, which is the subject of 
research summarised in Stage 1 of this thesis, temporal stability of the developed 
models needs to be evaluated, as new incident data becomes available. If models are 
found to be temporally unstable for applications in incident management systems, 
these models need to be recalibrated periodically upon availability of new incident 
duration data. In addition, another potential direction for future research activities in 
modelling incident duration is the analysis of the durations of incidents happening in 
arterials. 
Multiple research directions can be identified with the objective to enhance the 
computational efficiency and the quality of solution for solving the system optimal 
quasi-dynamic traffic assignment problem. Based on the proposed path marginal cost 
estimation method, various solution finding algorithms can be explored and evaluated 
in order to achieve the most efficient search for the optimal solution. Adjustments in 
the step-size when searching for optimal solutions could be an example that may result 
in significant improvements in the search process and lead better solution and faster 
computations.  
Possible research directions can focus on enhancements in the modelling realism 
of the traffic flow situations. Traffic signals could be incorporated in the node model 
to improve the accuracy of turning flows at the intersections. Drivers’ compliance with 
the advisory information can also be evaluated and represented in the modelling 
assumptions. 
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7 Appendices  
Appendix A 
The MSA Algorithm Used to Find the SOQDTA Solution 
MSA algorithm for SOQDTA (Qian et al., 2012): 
Step 0: Initialization. Select an initial flow pattern 𝒇𝑣,𝑣 = 0. 
Step 1: Perform the QDNL based on 𝒇𝑣. 
Step 2: Solve the least marginal cost problem for each O-D pair (r,s). 𝑝𝑟𝑠
∗ =
𝑎𝑟𝑔𝑚𝑖𝑛𝑝𝑃𝑀𝐶𝑝
𝑟𝑠(𝐟) 
Step 3: Obtain the auxiliary flow pattern 𝒈(𝒇𝑣) by assigning all the demand 𝐷𝑟𝑠∀(𝑟, 𝑠) onto 
𝑝𝑟𝑠
∗ . 
Step 4: 𝒇𝑣+1 = 𝒇𝑣 (1 −
1
𝑣
) + 𝒈(𝒇𝑣)
1
𝑣
 
Step 5: Convergence check, if ‖𝒇𝑣+1 − 𝒇𝑣‖ < 𝜀 terminate. Otherwise go to step 1 and set 
𝑣 = 𝑣 + 1. 
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Appendix B 
The PMC Approximation Algorithm 
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